
ABSTRACT 

MONTALVO, SOFIA MARGARITA. Statistical and Dynamic Downscaling of Hurricanes 

Affecting the Southeast US Coast. (Under the direction of committee chair Dr. Lian Xie). 

Tropical storm and hurricane landfalls affect the southeast coast more than any other 

part of the United States. Downscaling techniques need to be improved and focused on the 

coastal zone. To improve downscaling of hurricanes in the coastal zone, a combined 

statistical and dynamic technique is developed. First, dynamic downscaling is conducted with 

the Weather Research and Forecasting model for 12 hurricane seasons with Global Forecast 

System Final Analysis data and 3 hurricane seasons with Climate Forecast System 

Reanalysis data. A detection and tracking algorithm is used to find the storms and hurricanes 

created by the dynamic model. Several bias corrections are conducted to correct the number 

detected and the intensity of the storms. Next, statistical downscaling is done to choose the 

correlated climatic predictors for the coastal zone. Lastly, three combined statistical and 

dynamic downscaling models are formulated using backwards stepwise regression and log-

linear regression for total storm, hurricane, and major hurricane numbers. Dynamic 

downscaling after bias and intensity corrections resulted in 2.733 mean absolute error for 

total storms numbers, 2.667 mean absolute error for hurricane numbers, and 1.6 mean 

absolute error for major hurricane numbers. Statistical regression chose several predictors 

affecting coastal zone frequency. Finally the combined statistical and dynamic downscaling 

models reduced the mean absolute error by 2.1905 for total storms, 2.1175 for hurricanes, 

and 0.6476 for major hurricanes. These replicated the observations very well. The combined 

method for downscaling performed the best and is most skillful in replicating the frequency 



in the coastal zone. Improvements to dynamic downscaling and adding more years will add 

robustness to the models. 
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Chapter 1: Introduction  

1.1 Motivation 

 From June 1st to November 30th every year, the US looks to the oceans. This six 

month period brings hurricanes to the coasts and with it strong winds, large amounts of rain, 

and storm surge. With climate change becoming a hot topic in today’s society and within the 

scientific community, we are sensitive to the extremes. Landfalling hurricanes pose a great 

threat to the Southeast US in particular. High population densities on the coast have the risk 

of loss of life and property during the hurricane season. According to Zandbergen (2009), 

three states in the southeast US contain the top ten coastal counties with the highest 

recurrence of hurricane landfalls, the most being in Florida and North Carolina. Florida 

Office of Economic and Demographic Research Project reported a 27% population growth 

by 2030, and North Carolina Office of State Budget and Management Project reported a 20% 

population growth by 2030. Therefore, research focusing on this region is a natural choice.  

 Tropical cyclones (TC) are warm core low pressure systems that occur in the tropical 

to sub-tropical oceans with closed cyclonic circulations. Energy for the storm is derived from 

sensible and latent heat flux from the surface and concentrated in the strong convection of the 

eyewall (Landsea, et al. 1999). The strongest winds are in the eyewall and decrease radially 

outward. The maximum wind speed during the lifetime of the storm determines the 

classification and category the storm falls in. Tropical storms have wind speed of 17m/s to 

32m/s, hurricanes have wind speeds of 33 m/s or greater and major hurricanes have wind 
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speeds of 50m/s or greater. The first two categories of hurricane strength are minor 

hurricanes, and the last three categories of hurricane strength are major or intense hurricanes.  

The Intergovernmental Panel on Climate Change Assessment Report compiled the 

current research on tropical cyclones, with the 4th Assessment report for 2007 being the most 

recent. According to this report, on average, 90 tropical cyclones occur globally each year. 

Currently it is challenging to detect historical trends through lack of observations; 

consequently there is still worry about possible upward trends in intensity in the future, with 

more intense storms forming in a warmer climate.  With these international worries in mind, 

there is a need to look at the literature that expands upon the research. 

1.2 Climatology 

In early research on hurricane climatology, William Gray (1968) studied the tropical 

storm formation and what environmental aspects affected it. He examined the average time 

of year when and the latitudes where the most development occurs. For the Northern 

hemisphere, the time of year for the peak of formation was found to be September and 65% 

of formation occurs between 10N and 20N. However, there are slight differences for the 

North Atlantic.  To create this climatology, he used data from the early 1900’s. He mentions 

that for the year 1914, 1925 and1930, there were a total of 5 tropical cyclones detected. This 

might be from the monthly and seasonal variation that he mentions, but may also be a result 

of the lack of reliable observations before the technological improvements later in the 

century.  

 Hurricanes create large amounts of damage for coastal communities at landfall, and it  
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is a topic of current research that there have been more intense and more frequent hurricanes 

forming and making landfall in recent decades, consequently, creating more damage in 

association with climate change. Changes in inflation, coastal population, and property 

wealth up to the year 1995 (Pielke and Landsea 1998) showed that there was not an increase 

of hurricane damages for the period 1925-1995. This normalization allows the researchers to 

see the damages caused by each storm in that 71 year period as if it made landfall in 1995. 

They found only 21% of those storms were major hurricanes, but they caused 83% of the 

damages.  Another study by Weinkle et al. (2012) focused on the number of minor and major 

hurricane landfalls for the period 1944-2010 to have the most reliable observations with the 

start of aircraft reconnaissance. They saw an upward trend in the past several decades (1970-

2010), but extending further into the past showed no trend at all in the landfalls. Both these 

studies debunk the thought that there has been an increase in economic losses, only the 

increase in coastal populations could result in that. With possibilities of even more people 

moving to the coasts, future projections are required for the safety of the future citizens.  

 Pielke and Landsea (1998) and Weinkle et al. (2012) both acknowledged the 

existence of a multidecadal oscillation. Goldenberg et al. (2001) found that sea surface 

temperature variation creates the multidecadal oscillation of the North Atlantic Ocean. They 

found that the years 1953-1970 and 1995-2000 showed the positive phase with more active 

hurricanes seasons and warmer sea surface temperatures and the years 1971-1994 had less 

active hurricanes seasons. They also found correlation with US east coast landfalls; 1903-

1925 and 1971-1994 did not have many landfalls and yet 1926-1970 and 1995-2000 did see 

many landfalls. Commenting on the positive phase of the multidecadal oscillation, many 
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years are expected to be hyperactive, some to be average and few being below average in  

terms of number of hurricanes. While Goldenberg et al. (2001) looked at a long term history 

of hurricane activity, Kishtawal et al. (2012) focused on the satellite era (1986-2010). This 

time has been found by Goldenberg to have more reliable observations than previous years. 

They found that the North Atlantic sea surface temperatures (SST) have a strong warming 

rate. However, focusing on this small time frame does not show if this has happened in the 

past. Going even further into the past and applying more environmental factors, Klotzbach 

and Gray (2008) found a strong correlation between North Atlantic sea level pressure (SLP) 

and the further North Atlantic SSTs being multidecadally oscillatory. They found major 

hurricane numbers to have the greatest variation between the positive and negative phases 

and that landfalls on the Florida peninsula and the US east coast to be 3 times more frequent 

in the positive phase. Xie et al. (2002) found, in the years 1887-1999, four modes of 

oscillation in NATL hurricane activity: interannual, quasi-decadal and two multidecadal 

modes. Much of the natural variability of tropical cyclones still needs to be understood, 

including the possibility of relative changes in the next century of hurricane seasons.  

1.3 Dynamical Downscaling 

 Present and future changes in climatology can be further understood through 

dynamical downscaling. Previous studies discussed above generally use course resolution 

global models, but to understand the finer scale dynamics of tropical cyclones, higher 

resolution simulations are needed. Krishnamurti et al. (1989) uses a global spectral model for 

hurricane prediction tests, and increases the resolution through several tests. The resolution  
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increases from T21 to T106, and as it gets higher the simulations shows more realistic 

hurricane data. The finest resolution in the study resolves 35-40m/s winds, which 

corresponds to category 1 storms, and 975-980mb pressure, approximately indicating 

category 2 storms. The higher winds speeds and lower central pressures can be resolved in 

smaller grid spacing models. Using 50km grid spacing with a global model, Zhao et al. 

(2009) found the general trends and pattern of tropical cyclone frequency. These simulations 

produce storms no stronger than 50m/s and too many storms with 30m/s peak winds. Sugi et 

al. (2009) conducted a similar study of tropical cyclone frequency simulation focusing solely 

on the future. Both studies use changes in SSTs, but Sugi et al. (2009) uses 60km and 20km 

mesh models. Each of these studies found systematic biases in their simulations. To improve 

these biases, downscaling these resolutions further to regional models is needed. 

 Regional model dynamical downscaling seems to be a fairly young tropical cyclone 

research technique when related to climate change. As stated in Camargo et al. (2007), 

downscaling to limited area allows increased resolution for a global climate model 

efficiently. Knutson et al. (1998) uses GFDL (Geophysical Fluid Dynamic Lab) R30 model 

(2.25 degree x 3.75 degree) to simulate storms and downscaled each to 18 km (1/6 degree) in 

the high resolution GFDL Hurricane Prediction system. This downscaling creates realistic 

evolution of tropical cyclone intensity, but still underestimates the strongest storm’s wind 

speed. Camargo et al. (2007) downscaled the ECHAM4.5 atmospheric global climate model 

with about 2.8 degrees spatial resolution to 50km spatial resolution with the NCEP RSM 

(Regional Spectral Model) in a one-way nesting method instead of just using the global 

model and the lateral boundary conditions. Only simulating two seasons, the study does not 
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produce the frequency very well, but many other aspects of tropical cyclone internal 

dynamics are simulated well. Feser and von Storch (2008) downscaled NCEP/NCAR  

Reanalysis to 50km and a double nest to 18km spatial resolution with the domains focusing 

on Southeast Asia and a small area where case study typhoon Winnie made landfall. This 

study uses reanalysis data that captured the storm, and used the regional models to further 

develop it. This allowed the storm to strengthen and deepen similarly to observations. All 

these studies further improve the ability of the models to simulate tropical cyclone intensity, 

frequency and inner dynamics. 

Recent studies Caron et al. (2011) tested three resolutions downscaling from the one 

above, 2 degrees, 1 degree and 0.3 degree. The increase of resolution increases the realism of 

storm numbers. Downscaling of the ERA-40 (40 year ECMWF ReAnalysis) and the 2 and 1 

degree model data both became more realistic than keeping it at the courser data, also 

because the large scale features are kept the same through spectral nudging. However, the 

intensity is too low in the wind speed only producing category 1 and pressure going to 

category 3. Xu and Yang (2012) developed a new downscaling method, by improving the 

global climate model data with bias correction before being downscaled. Many recent studies 

improve the technology of global models, by raising the resolution for global simulations. 

Chen et al. (2013) simulated global storm frequency with 25 km spatial resolution, but 

focused on one region specifically for the coastal community.  

Knutson et al. (2010) stated that confidence can be raised by improved downscaling 

techniques in hindcasting with higher spatial resolutions. With that, they conclude while total 

tropical cyclone frequency will likely stay the same or decrease, stronger storms will more 
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likely than not increase. A previous study by Pielke et al. (2005) found a lack of theory for 

future frequency changes and it was premature to link hurricanes with global warming.  

However, previously, Henderson-Sellers et al. (1998) stated that there is practical importance 

for looking into possible future changes. Therefore, while population vulnerability changes 

will outweigh any changes to the tropical cyclones themselves, improving climate change 

modeling in order to evaluate what could happen in the future, needs to be advanced for 

safety reason.  

1.3.1 Track and Detection  

 To determine tropical cyclone activity changes, there first needs to be a way to 

determine objectively how many storms were simulated by the model. Vitart and Stockdale 

(2001) created an algorithm to detect and track storms in the simulations, at a 1.865 degree 

resolution, according to certain criteria. The criteria were determined by tropical cyclone 

climatology and model resolution. Thresholds were set for local maximum relative vorticity 

at 850hPa to find the center with the closest minimum sea level pressure, largest average 

temperature between 500 and 200 hPa levels, and maximum thickness between 1000 to 200 

mb. All the thresholds detected need to be within 2 degrees of each other. The detection 

happens at each time output and the tracks are created by a second algorithm, connecting the 

snap shots within a distance of 800 km with more than two day track duration. Their model 

tracked storms with max winds more than 17 m/s at the 850 hPa levels. The minimum 

intensity cannot be as restrictive as observations because it is a very coarse resolution. Warm 

core is a necessary threshold to limit the number of non-observation storms detected. TC  
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frequency is affected by SST drift in the model. Detection is also resolution sensitive.  

 Camargo and Zebiak (2002) used a detection algorithm based on similar dynamic and 

thermodynamic criteria thresholds, but these were basin dependent and calculated using 

statistical properties, i.e. standard deviation. The resolution of their model is 1.235 degrees, 

and the model bias was taken into account. The criteria was relaxed after the first location 

detection points. The tracking was based solely on vorticity locations. No tracks created had 

a curvature, but any storms counted as two were found and combined. While improvements 

were made for the algorithm, the biases of the results are created through model physics and 

resolution. This algorithm also used three different temperature anomaly criteria. Each study 

uses different criteria threshold values, which were determined by model resolution and 

additional criteria to improve it further.  

 At 18 km, Knutson et al. (2007) still felt the resolution was too coarse to determine 

any storms over tropical storm strength. An important point brought up is that hindecasting is 

downscaling and ‘successful downscaling should be a prerequisite  for meaningful 

prediction.’ Main Development Region (MDR) formation rate is realistic, but excessive off 

of the US east coast. Additionally, hurricane rates were too low in the MDR and too high in 

the north showing a log of spurious storms. Weaker intensities and the basic wind and 

pressure relationship deficiencies can be seen. It is easier to simulate genesis than landfall as 

that is dependent on steering and trajectories.  

 Walsh et al. (2007) compiled all the different criteria thresholds being used in studies 

(Table 1.1). They tested and adjusted the criteria for different resolutions to test sensitivity.  

The study found that for limited horizontal resolution wind speed should be lower than the  
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observed, as the model does not capture the realistic values. Warm core thresholds were 

found to be important for reducing the number of systems detected based only on the wind 

speed. The wind speed to resolution relationship is shown to be semi-linear.  

 LaRow et al. (2008) also conducted a global model resolution study and found that 

much of the TC frequency issues with the detection algorithm is in the physics more than the 

resolution. The resolution affects the number of higher intensity storms that are simulated. 

Also some spurious storms can be caused by polar lows that satisfy criteria, including the 

warm core.  

1.3.2 Intensity  

 Hurricane intensity is affected by many different factors. Emanuel (1987) tested the 

changes in thermodynamic efficiency and relative humidity and their effect on intensity. 

Model resolution was very coarse. Intensity is measured by maximum wind speed and lowest 

central sea level pressure, and these measures are related by the square root. Tropical cyclone 

wind increases with SST increase, and Emanuel measured a significant pressure drop. 

Emanuel (1987) expects the average intensity to increase with the maximum intensity 

increase. Knutson et al. (1998) found more cases of high wind speed in the higher CO2 

environment. Knutson and Tuleya (1999) focused on the NW Pacific, where the warming 

appeared to increase the radial extent of the hurricane force winds. 

 Tropical cyclone intensity and climate change studies tend to focus of the frequency 

changes of the most intense storms compared to the general frequency. Oouchi et al. (2006) 

found that global frequency decreased, but the north Atlantic TC frequency increases with  
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the intensity, as wind speed increases by 8.7m/s. Hoyos et al. (2006) found that the higher 

number of the most intense storms is related to the modeled reduction of the vertical wind 

shear. Bengtsson et al. (1996) found a reduction of overall strength of the most intense 

storms, and also a relationship between coarser model resolution and the fewer number 

storms simulated. In a follow up study, Bengtsson et al. (2007) expanded this relationship 

with a study that increased model resolution. They found a significant increase in intensity 

with this increase. They still found an overall frequency reduction with reduced tropical 

circulation and increase in water vapor, and did not find any significant change in overall 

intensity. The number of the intense storms did, however, increase.  

1.4 Statistical Modeling 

 Another tool to understand tropical cyclones is statistical modeling. Elsner and 

Villarini (2011) explains that a statistical model is used to find the average behavior of a 

group, to quantify the regularity and assign uncertainty. This study is a starter kit for tropical 

cyclone activity statistical modeling. Poisson regression is commonly used to estimate rate of 

hurricane activity, and log-linear regression is used to estimate counts of hurricanes. 

Choosing predictors should reduce the bias of the model while not sacrificing the variance 

too much. Elsner and Villarini (2011) also importantly explain that stepwise regression is not 

a model but a procedure to select a model, and highly cross correlated predictors should only 

be both kept if the literature proves they are both important to predicting tropical cyclone 

activity.  

Elsner et al. (2008) uses a log-linear regression to find trends in TC activity and  
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intensity frequency during the satellite era, approximately 1970 to today. The model uses the 

lifetime of maximum wind speeds as the response variables and estimates the trends with 

quantile regression. It found an upward trend of the strongest storms. Villarini et al. (2010) 

uses Poisson-linear regression to model TC counts. The study states there is no overall best 

statistical model. This study tested SST, North Atlantic Oscillation (NAO), and Southern 

Oscillation Index (SOI) as predictors in the model, and to avoid overfitting, stepwise 

selection is used, which removed NAO. Gray et al. (1992) used a least absolute deviation 

regression model to conduct a seasonal prediction of TC numbers using upper level wind 

(QBO) and Sahel rainfall as predictors. This seasonal prediction is conducted 6-11 months 

before season, while most seasonal predictions are done 2-4 months before season starts. 

Gombos and Hoffman et al. (2012) uses an ensemble of multivariate statistical models, not 

for tropical cyclone counts, but to understand the dynamics of the environment. They predict 

500hPa geopotential height using 1000hPa potential vorticity.  

1.4.1 Climate indices affecting track and number 

 Statistical models use other variables related to the variable trying to be predicted. 

These variables are known as predictors. The predictors are generally from climatology 

factors. El Niño-Southern Oscillation (ENSO) has been observed to affect the recurrence rate 

of hurricanes on the southeast United States coast (Muller and Stone 2001). Bengtsson et al. 

(2006) found that future storm changes may be affected by a general El Nino-like warm 

Pacific sea surface temperature. Warming of the SST in the Pacific increases the vertical 

wind shear over the North Atlantic by changing the atmospheric circulation. Wang and Lee  
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(2008) found this caused a reduction in TC activity and intensity in the MDR of the North 

Atlantic. The geographic location of tracks also changed similar to an El Nino event. Another 

climate predictor is discussed by Wang et al. (2011).  The Atlantic warm pool affects 

landfalls, genesis locations, and the location of the North Atlantic Subtropical High. Changes 

in these factors affect the likelihood of TC entering the coastal zone. Gray et al. (1992) tested 

two predictors, Quasi-biennial Oscillation (QBO) and West African Rainfall. QBO when in 

the westerly mode allows for more intense storms. The wet phases of the West African 

Rainfall also allows for more intense and active seasons. Villarini et al. (2011) conducted a 

study comparing a statistical model and a dynamical models, and found that using both 

Atlantic SST and global tropical SSTs as predictors allows the two types of models to agree 

fairly well. There are many more predictors one can use, including factors directly related to 

tropical cyclone climatology and output from dynamical models.   

1.5 Statistical-Dynamical Downscaling 

Multiple linear regression is often used to adjust model data with model output 

variables as predictors, creating Model Output Statistics (MOS).  Ghosh (2007) explains the 

value of multiple linear regression and describes different statistical methods, and how to 

evaluate them. Here Ghosh includes stepwise regression as a regression model evaluation 

tool. The evaluation tools are for variable selection, which also include hypothesis testing, 

cross validation, coefficient of determination R2, Cp, and information criteria. MOS is just 

another way of thinking of hybrid statistical and dynamical downscaling. Hybrid 

downscaling is being developed by many people for tropical cyclone modeling, predictions,  
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and projections.  

To improve Western North Pacific tropical cyclone activity dynamical forecasts, Li et 

al. (2013) creates a dynamical-statistical forecast model. The model is based on 30 years of 

observations and uses variables from the Climate Forecast System Version 2 (CFSv2) 

dynamical forecast as predictors. This uses “leave one out cross validation” and mean square 

skill score. The best predictor combinations for this study are 500 mb height, North Atlantic 

SSTs and West Pacific vertical wind shear, West Pacific vertical wind shear and 500 mb 

height, and 850 mb zonal wind and 500 mb height, in four linear models.  Lee (2011) uses a 

hybrid model to improve seasonal forecast of tropical cyclones for a small region, focusing 

on Hong Kong. El Nino/Southern Oscillation is a predictor in a Poisson regression. LaRow et 

al. (2013), for CLIVAR program, is developing a hybrid model that uses interannual 

variability of tropical cyclones, SST and vertical wind shear from CFS model hindcasts. The 

findings and implications show that the hybrid was found to be more skillful in seasonal 

forecasts than just statistical models. Knutson et al. (2010) hopes for higher resolution 

models combined with statistical models in order to improve and develop results, therefore 

giving confidence in future projections. New techniques for downscaling using hybrid 

models will help avoid the intensity simulation limitations of dynamical models and 

downscaling.  

Four different types of downscaling for both dynamical and statistical models are 

described in Castro et al. (2005). However, the statistical downscaling that the article 

describes is a combination between dynamical and statistical for each type. The uncertainty  
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grows with each type: (1) regression using observations and dynamical downscaling of  

limited area and short term hindcast using observations as initial conditions; (2) regression  

using observations and dynamical downscaling using regional climate model simulation 

based on global model lateral boundary conditions; (3) regression using seasonal predictions; 

and (4) regression based on future global climate prediction based on the empirical 

relationships of the present climate not changing. This thesis hopes to develop type 2 

statistical downscaling in order to be able to use it with confidence for type 4 in future work.  

1.6 Hypothesis 

The main research questions this thesis aims to answer are as follows. Does the model 

simulate the observed past climate hurricane frequency and intensity well? What 

combination of predictors will create the most accurate statistical regression model to get the 

correct frequency and intensity for past climate? Will this allow us to have confidence in the 

model to simulate hurricanes for a future climate? Using Scale Selective Data Assimilation 

and a combined statistical and dynamical regression model, the tropical cyclone frequency 

and intensity produced by the model for the coastal zone are a skillful match to observations. 

This allows for confidence in the model to simulate future climate hurricanes affecting the 

Southeast United States.   

1.7 Thesis outline 

 This thesis is broken down into 4 parts. In chapter 2, the preliminary methods are 

presented. Chapter 3 has the dynamical downscaling results and the error fixes pertaining to 



 

15 

it. Chapter 4 presents the statistical downscaling with dynamical input. Last the conclusions 

and future work are presented in Chapter 5.  

 

 

 

Table 1.1  Table 1 from Walsh et al. (2006). Listing many criteria used in resolution 

dependent cyclone detection studies 
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Chapter 2: Description of Model and Data 

2.1 Model setup 

 To complete the objectives of this thesis, a dynamical model is used for the 

preliminary simulations. We use the Weather Research and Forecasting Model (WRF) 

version 3.2 with the Advanced Research WRF (ARW) core. The WRF model is a 

nonhydrostatic, fully compressible atmospheric model. It consists of a core of equations for 

prediction in Euler Flux form, using the Runge-Kutta integration scheme (Skamarock et al 

2008). 

The domain covers the entire Southeast United States, from Mexico to central North 

Atlantic Ocean including the Gulf of Mexico and Caribbean Sea, 100˚W to 60˚W and 8˚N to 

48˚N (Fig. 2.1). To have realistic simulations at relatively coarse resolutions, parameters 

representing processes not resolved by the model need to be set. The parameters are set in the 

input namelist of WRF, which call schemes that solve equations for the physical processes. 

The main physical processes that require parameters are microphysics, convection, surface 

layer, land surface, planetary boundary layer (PBL), short wave and long wave radiation. 

Microphysics schemes resolve water vapor, cloud and precipitation processes as an 

adjustment process. Convection or cumulus schemes represent vertical fluxes: from 

unresolved up and down drafts to compensating motion outside the cloud. The surface layer 

scheme calculates the friction velocities and exchange coefficients and enables calculations 

in the land surface model and planetary boundary layer scheme. The land surface model  
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(LSM) uses information from all the other schemes and provides heat and moisture fluxes as 

a lower bound condition for the vertical transport in the PBL scheme. The PBL scheme 

provides vertical sub grid scale fluxes from eddy transports and mixing, along with the 

temperature and moisture momentum over the column. The atmospheric radiation provides 

atmospheric heating due to radiative fluxes and surface longwave and shortwave radiation for 

the ground heat budget. A preliminary sensitivity study is conducted to optimize the 

parameter choices to best represent the domain. The physics parameters chosen are as 

follows. WRF Single-Moment 5 (WSM-5) Microphysics scheme adds mixed phase processes 

and super cooled water. The Kain-Fritsch (KF) Cumulus/Convective Scheme has deep and 

shallow convection from the subgrid scales using flux approach with downdrafts. The 

Unified Noah (NCEP/NCAR/AFWA) Land Surface Model has soil temperature and moisture 

in four layers, fractional snow cover, and frozen soil physics. A Surface Layer scheme 

associated with Unified Noah LSM is used. The Yonsei University (YSU) Planetary 

Boundary Layer Scheme uses a nonlocal K scheme with explicit entrainment layer and 

parabolic K profiles in the unstable mixed layer. The Community Atmospheric Model V. 5 

(CAM) Atmospheric Shortwave and Longwave Radiation schemes allow for aerosols and 

trace gases and use yearly carbon dioxide and constant N2O and CH4.  

A preliminary sensitivity study for resolution effect on hurricane structure and 

computational efficiency was conducted. The resolutions tested were 108 km, 36 km, 12 km 

and 4 km grid spacing. Five days, with hurricane Wilma in the Gulf of Mexico 2005, are 

simulated using each spacing. Using NCAR Computing Language (NCL), images of the 500 
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hPa absolute vorticity, 10m winds, sea level pressure and total precipitation were created.  

With the 108 km grid spacing, the hurricane has a very symmetric basic structure with a  

minimum sea level pressure (MSLP) of 996 hPa (Fig. 2.2). The 36 km grid spacing shows 

more asymmetrical structure and a MSLP of 977 hPa, but the vorticity is still symmetrical to 

the center of the storm. (Fig. 2.2). The 12 km shows much more asymmetric structure with 

the rainbands spiraling off with vorticity spikes and a MSLP of about 968 hPa (Fig. 2.2). The 

4 km grid spacing (Fig. 2.2) shows many more small details in the rainbands of vorticity, but 

takes more computational power and time to efficiently finish a 6 month hurricane season 

simulation. The 12 km spacing is found to be the optimal resolution, showing a detailed 

hurricane, while not being computationally expensive, covering 379x316 grid boxes.  

Another interesting feature to note in these simulations is the precipitation over southeast 

Florida. The 108km has precipitation over the entire SE quadrant of the FL peninsula, while 

36km has more detail for coastal rainfall. In the higher resolution, the 12km precipitation is 

confined to the coast and extends down to the FL Keys, but 4km precipitation is confined to a 

very small area near the central east coast of FL (Figs. 2.3).  

2.1.1 Data Description 

 The National Centers for Environmental Prediction (NCEP) Global Forecasting 

System (GFS) 6 hourly final analysis data was used as the base global data to downscale. 

GFS data is in GRIB or Gridded Binary format (WMO GRIB1) and covers the entire globe, 0 

E to 359 E and 90 S to 90 N, with 1 degree by 1 degree horizontal grid spacing. The final 

analysis data is created 6 hours after the original GFS forecast with the addition of in situ  
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observations. The vertical levels covered are the surface and 26 pressure levels from 1000  

mb to 10 mb or sigma levels 0-30. It includes the surface boundary layer and tropopause. The 

variables available are surface pressure, sea level pressure, geopotential height, temperature, 

sea surface temperature, soil values, ice cover, relative humidity, zonal wind, meridional 

wind, vertical wind, vorticity, and ozone. The data for June 1 to December 2, 2001 to 2012 

was downloaded from the Computational and Information Systems Laboratory Research 

Data Archive (CISL RDA), managed by the Data Support Section (DSS) of the National 

Center for Atmospheric Research (NCAR).  

 GFS 6 hourly Final analysis data is only archived since July 1999. To extend the 

simulation data for statistical significance, NCEP Climate Forecast System Reanalysis 

(CFSR) data is used for the initial and boundary conditions of the model. The archive has 

data for 33 years starting with 1979. CFSR uses observational data and the same atmospheric 

model as GFS to create the data, but it also includes coupled ocean-land model and surface-

sea ice system (Saha et al. 2010).  

CFSR data comes as two separate GRIB2 files to run WRF, 6-hourly 3D pressure 

data and surface flux data, in the data archive (rda.ucar.edu, Saha et al. 2010). The 3D 

pressure data has half degree resolution, containing pressure, relative humidity, temperature, 

geopotential height, u-component wind, and v-component wind, all at 38 pressure levels. The 

surface flux data has 0.3 degree resolution, containing pressure, specific humidity, 

temperature, geopotential height, ice cover, land cover, u-component of wind, v-component 

wind, volumetric soil moisture content, and water equivalent of accumulated snow depth.  
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WPS ungrib has to be run twice for this data. These data are archived with analysis and 00-06 

and 09 forecast hour data.  In this study, 06 forecast hour CFSR data is used for the years 

1998, 1999, and 2000. This may cause an error, as analysis data was meant to be used, to be 

consistent with the GFS analysis data. The comparison between the 6 hour forecast data and  

the analysis data is forthcoming, as is the comparison with the GFS data. Season long 

simulations should not be affected by the data-type difference, but a shorter time simulation 

may.  

2.1.2 Scale Selective Data Assimilation Configuration 

 The basic set up of WRF applies the global data for the initial and boundary 

conditions, nudging the large and small scale dynamics to the global scale data. The Scale 

Selective Data Assimilation (SSDA) technique, originally applied by Peng et al. 2010, 

modifies WRF to improve regional climate modeling and does not include the unnecessary, 

unphysical nudging terms. SSDA is optimized to develop the small scale flows, important 

tropical cyclones, in the regional model, where they can be resolved. 

This SSDA procedure was developed by the Coastal Fluid Dynamics Lab at North 

Carolina State University. The SSDA method uses a low pass filter on the global data to 

extract the large scale components, and a low pass filter on the regional model to separate 

large and small scale components. Three dimensional variational (3DVAR) data assimilation 

of the large scale components from the global data into the regional model correct the large 

scale circulation, and finally the small components from the regional model are combined 

with the large components from the global data in the model to obtain full scale circulation.  
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These steps can be visualized with figure 2.4. Integration is continued in the regional model 

until the next SSDA cycle, restarting every 2 simulation days (Peng et al. 2010, Xie et al. 

2010).  

The confidence in the benefits of using SSDA procedure over the basic configuration 

of WRF, referred to as control, has been built up over four studies. The first study found the 

control had large errors in the upper level winds which represent the large scale steering 

flows that affect tropical cyclone tracks. The global resolution data resolves these winds, and 

the SSDA runs match the upper level patterns in the global data, with the scale selection 

process (Peng et al. 2010). Xie et al. 2010 used SSDA to improve tropical cyclone track 

simulations compared to WRF, and found having the large scale flows correct improved the 

tropical cyclone tracks. The control’s track error increased with simulation hours, whereas 

the SSDA error was much less. The third study tested real time forecasting to see if SSDA 

improved TC track and intensity forecasts. Liu and Xie 2012 found SSDA reduced the 

control track error by 40%. The SSDA improved long term intensity forecast was correlated 

to the improved track forecast, showing that the control missed the intensity development 

pattern of their case study. SSDA getting the environmental features simulated correctly is 

instrumental in these tropical cyclone forecast improvements. Lastly, Costa 2012 dedicated a 

thesis chapter to build confidence in SSDA’s ability to simulate high wind events. In this 

study, SSDA improved the wind speed error by 4 m/s and matched the observations better. 

These findings show that SSDA gives the best simulation of tropical cyclone tracks and 

intensity.  
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SSDA configuration of WRF is used to simulate the hurricane seasons of 2001 to 

2012 using GFS data and 1998 to 2000 using CFSR data. The simulation output netCDF files 

are put through ARWpost (post processing system), which concatenates all the data into a 

useful Grid Analysis and Display System (GrADS) format. This format has a binary data file 

and a control file that describes the data file. The control file lists the latitudes and longitudes 

that the data covers, the number of time steps in the data, the vertical levels required, and the  

number and names of the variables needed. The two CFSR data files useful for this research 

have geopotential height, temperature, zonal and meridional rotated winds, all at 850, 700, 

600, 500, 400, 300, 200 hPa vertical pressure levels, sea level pressure, zonal and meridional 

winds at 10 meter height, and relative vorticity at the 850 hPa vertical level. Vorticity is 

calculated with a GrADS script by taking the curl of the zonal and meridional rotated winds 

(hcurl(umet,vmet)) at the 850 hPa pressure level. GrADS is also used to display the data to 

view the vortices developed by the model in the domain for the two configurations, including 

filled and lined contours of wind, wind barbs, 850 hPa vorticity, sea level pressure contours, 

and 500-200 hPa temperature.   

2.2 Detection Algorithm 

 To determine the number of storms the model created for each past season, a 

detection algorithm was required. The detection algorithm came from and is described by 

LaRow et al. (2008), a study on seasonal hurricane simulations for the entire Atlantic Basin. 

Modifications were needed for it to be compatible with the domain size and model resolution 

used in this study. The algorithm uses certain criteria to identify hurricanes and tropical 
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storms in the seasonal simulation data. The criteria chosen to detect the storms were 850 hPa 

maximum vorticity, maximum warm core temperature anomaly, maximum thickness of  

warm core between 500 and 200 hPa, limited degree separation of the location of mean sea 

level pressure from maximum vorticity, and limited degree separation of the location of 

warm core from the center. The algorithm detects all the vortices in each 6 hour time step. 

The temperature must decrease by 6 degrees Celcius (˚C) in all directions away from the  

center of the storm within a distance of 4 degrees (LaRow et al. 2008), and the minimum sea 

level pressure must be within 2˚ radius of the maximum vorticity. The values of the criteria 

chosen originally were 2.4x10⁻4 s⁻1, 1.6 K, 30 km, 4˚ from vorticity maxima, and 4˚ from 

determined center of storm respectively. These values were chosen based on Knutson et al. 

(2007) because of a similar model resolution of 18 km. These criteria values were 

preliminary and only analyzed with one year of simulation, 2005, the most active year. The 

expanded criteria testing will be discussed in the subsequent chapter.  

The second step of the algorithm is the tracking scheme. This connects the vorticies 

into a trajectory for storms that last more than 2 days with the winds 17 m/s or more and with 

locations within an 8˚ radius from the previous location. The tracking scheme also applies the 

intensity category for the particular trajectories based on the Saffir-Simpson scale, allowing 

for good comparison with observed numbers from HURDAT (Table 2.1). After these steps 

were completed, track location files were created. These track location files were combined 

into one map for the year in pdf format using the NCL Create_Track script. These are then 

easy to visually compare with the Best Track maps from the National Hurricane Center 

(nhc.noaa.gov/data/).   Colleague and committee member Dr. Bin Liu followed the same 
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procedure for the 36 km resolution model that covers the entire Atlantic basin. This was done 

for a sensitivity study of the storm detection algorithm to model resolution.   

2.2.1 Global and regional detection 

 To thoroughly test the detection algorithm, its sensitivity to model resolution needs to 

be determined. The test resolutions are 12 km, 36 km and global 1˚ by 1˚ grid spacings. The 

12km grid spacing preliminary tracks being created are described previously. The 36km grid 

spacing tracks for the entire ocean needed to be counted again for the smaller regional 

domain to be comparable. Tracks for the global resolution are created using GFS FNL data 

slightly modified into WRF observation input data. This input data from GFS is then put 

through the ARWpost process for comparable data files. The data is displayed to aid in 

determining the correct global resolution criteria for vortex detection. Walsh et al. (2007) 

compiled a table of all the criteria used by most of the tropical cyclone detection research 

articles, which was useful to compare the criteria used by global models (Table 1.1). The 

global resolution post processed data is then put through the detection and tracking 

algorithms. With the tracks and frequencies compiled, we could then determine the 

sensitivity, which will be discussed in the subsequent chapter.  
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Table 2.1 Observed storm counts for each category in the domain from HURDAT Best 

Track data 

Best 
Track 

Obs 

2001 2002 2003 2004 2005 2006 2007 2008 2009 2010 total 

total 
storm 

10 9 7 9 16 4 8 10 3 12 88 

TropStorm 6 6 5 3 6 3 4 4 1 5 43 

total H 4 3 2 6 10 1 4 6 2 7 45 

total mH 2 1 1 1 4 1 2 3 1 5 21 

Cat1 1 0 1 1 4 1 2 2  3 15 

Cat2 1 1 0 0 0 0 0 1 1 2 6 

total MH 2 2 1 5 6 0 2 3 1 2 24 

Cat3 0 1 0 2 1 0 0 0 1 1 6 

Cat4 2 1 0 2 1 0 0 3 0 1 10 

Cat5 0 0 1 1 4 0 2 0 0 0 8 
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Figure 2.1  Domain extent 
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Figure 2.2  Wilma 2005 case study; top left panel with 108 km grid spacing, MSLP is 998 

hPa and maximum wind is 45 kts; top right panel with 36 km grid spacing, MSLP is 981 mb 

and maximum wind is 70 kts; bottom left penel with 12 km grid spacing, MSLP is 972 mb 

and maximum wind speed is 75 kts; bottom right panel with 4 km grid spacing, MSLP is 968 

mb and maximum wind speed is 85 kts. 
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Figure 2.3  Precipitation resolved at 108 km grid spacing, at 36 km grid spacing, at 12 km 

grid spacing, and at 4 km grid spacing 
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Figure 2.4 SSDA cycle from Liu and Xie (2012) 
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Chapter 3: Results from Dynamical Downscaling 

3.1 Original Set  

3.1.1 First simulation results SSDA 

As stated in Chapter 2, a detection and tracking algorithm takes the post-processed 

simulation data to find storms that fit the set criteria thresholds. This was done for the Scale 

Selective data assimilation (SSDA) run data. This first set of criteria is only optimized for 

2001 and an over active 2005 seasons. The number of storms detected and tracked for each 

year in the SSDA run are 10, 9, 9, 10, 23, 12, 12, 15, 6, and 22, for the year 2001-2012 

respectively. For the extra 5 years of simulation, the first detection created 8, 18, 6, 16, and 

12 storms for 1998-2000 and 2011-12 respectively (Fig. 3.1). The numbers for all 15 years 

detected total storms, hurricanes and major hurricanes and for each category are in table 3.1. 

The mean absolute error (MAE) of the 15 years of data is to 4.4 for total number of 

storms detected. For hurricanes (Fig. 3.2), the MAE for the 15 years is 4.667. For major 

hurricanes (Fig. 3.3), the MAE is 1.733 for the 15 years. The SSDA storm numbers follow 

the general trend of the observations, except for the large reduction in storm number of 2006. 

The SSDA total storms and hurricanes have more spread from the means than the 

observations. The major hurricane spread is much less than the observed number. Standard 

deviation of the detected number of storms is more than the standard deviation of the 

observations by 2.02. Hurricane standard deviation of detection is more than observations by 

3.16. Major hurricane standard deviation of detection is less than the observations 0.46. The  
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actual values of the standard deviations and MAE are in table 3.2. 

3.1.2 Tracks and Landfall risk  

Track maps were created for this set of detected storms. The SSDA storms, looking at 

timing and location, seem very spurious. With these tracking maps, the landfall rate can be 

determined. This is important for the coastal zone and consequently the simulation of risk. 

The storms that come within 2 degrees of the coast are counted for that region and state. 

Also, the locations of the storms are determined for different parts of the basin, the 

Caribbean, Gulf of Mexico and the NW Atlantic. They are counted for that region if the 

storm passes through. The results are shown in table 3.3. Figures 3.4.1-15 show the track 

locations detected for each year. 

When considering the results and the landfall risk of this data set, there appears to be 

significant error. These tracks do not match well with the observations. Despite long lived 

storms being represented well, the landfall risks for hurricane and major hurricane strength is 

not represented well at all.  

3.2 Sensitivity of the Detection Algorithm to resolution  

3.2.1 Global detection 

To further test the accuracy of the detection algorithm, the sensitivity to model resolution 

needs to be determined. This sensitivity study was only conducted for the original 10 years of 

simulations.  The resolutions to test are global 1 degree by 1 degree, 36 km, and 12km. The  

 

 



 

32 

36 km detection numbers are from a basin wide simulation conducted with SSDA technique 

by colleague Dr. Bin Liu. The global resolution data is the GFS reanalysis data. Some 

processing of the GFS data is done to have it in the correct format to be detected. The data is 

put through WRF preprocessing system and then converted to WRF input data from 

observation files with WRF real. The end results are then put through ARWpost to 

concatenate the correct data for detection. The detection and tracking algorithm are then 

applied as before. The criteria values are changed as the original 12km criteria thresholds are 

not fully resolved in the global data. The criteria used are 0.5 K warm core temperature 

anomaly, 10 m maximum thickness, 1*10-5s-1 850 hPa relative vorticity, within 8 degrees of 

the center, 10m/s wind speed and 48 duration.   

3.2.2 Comparing to observations 

The global detection produced too few storm numbers for each year meeting all the 

criteria. The duration is the most problematic since GFS reanalysis should have the initial 

storm location. The majority of the storms in the global data more than likely lasts less than 2 

days and therefore no longer fit the criteria specified. The mean absolute error is 4.2 storms. 

The global hurricane numbers are very low with zero for 3 years. The global runs cannot spin 

up the storms enough to make the storms hurricanes. The mean absolute error for global 

hurricane numbers is 3.3.  

The 36 km detection algorithm is optimized for all 10 years for the entire basin for 

every year. To see the storm numbers for only the coastal domain, the track maps are used 

for the new count.  The storm subset is fairly accurate for all seasons for both storm numbers  
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and hurricane numbers for SSDA, with MAE’s no greater than 2.1 (Table 3.4).  

3.2.3 Resolution comparison 

A yearly performance comparison results are as follows. The 12km SSDA gave better 

results than the 36km SSDA over 5 years only for tropical storm numbers (Fig. 3.5.1). For 

hurricane numbers (Fig. 3.5.2), 36 km SSDA has better counts for every year when compared 

to the 12km counts. The GFS storm counts tie with 12km SSDA for 2 years, improves for 5 

years and does worse for 5 years. For hurricane counts, while the GFS is close to zero for 

most of the counts, it does better than the 12 km SSDA for 8 years, ties for 1 and worse for 1.  

While the yearly comparison produces interesting results, the sensitivity study should 

only be considered with respect to overall error. Compared to the storms detected from the 

GFS data, the original detection of the 12km SSDA data performs similarly. Compared to the 

36km downscaled data detected storm in the smaller region does best, the 12 km downscaled 

data actually does slightly worse, and for hurricane numbers, much worse. The errors is 

shown in Table 3.4.  

The sensitivity study was predicted to show that GFS has the fewest storms and 

hurricanes and does the worst, the 36 km improves the GFS counts, and the 12 km counts are 

the best. The last expectation did not occur, and the hurricane numbers are far from the 

observations. These errors for 12km SSDA show many things need to be improved. The 

detection algorithm for the small resolution needs to be optimized to all the years to decrease 

the error. Also, a bias correction will correct the distribution of intensity counts, since SSDA 

12km seems to spin up too many tropical storms to hurricane strength and yet has too few  
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major hurricanes.   

3.3 Sensitivity to criteria for detection  

3.3.1 Methods 

The problems with the SSDA data and the sensitivity study can be fixed with 

changing criteria thresholds to detect the number of storms closer to the observed amount. 

The criteria to test are 850 hPa relative vorticity maxima and the tracked wind speed as 

storms are found to be most sensitive to these criteria. 22 vorticity values and 15 wind speed 

thresholds are tested, from 1.6 to 7 x10-4 s-1 and 13-27 m/s respectively. At first only 10 

values of each are tested. The MAE and standard deviation (STDEV) are calculated. The 

MAE contour is shown in figure 3.6.1, and STDEV in contour shown in figure 3.7.1 and 2. 

The criteria testing is done with only the original 10 years of simulation data. 

3.3.1.1 Most sensitive criteria: lowest error to observations 

The most noticeable feature in the contour plots is the nearly linear decrease with 

increasing wind speed. The vorticity effect on error is much less pronounced. While the wind 

speed has the greatest effect, the highest wind speed and the highest vorticity, the top corner 

of the MAE figure, has the lowest error. The test values are extended following the lowest 

value until the error starts increasing again.   

The values of criteria increase until a string of combinations are all the same error 

along the majority of the vorticity values and two wind speeds (Fig. 3.6.2). The lowest error  
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compared to the observations is chosen out of one of the wind speed and vorticity. The wind 

speed and vorticity chosen for the least error to observation (LEOB) is 3.6*10-4 s-1 and 25  

m/s. This new set of criteria shows that this wind speed is very high and rules out many 

tropical storms. The error reduces to 2.3, for the total number of storms. The error for only 

tropical storm strength number increased from 3 to 4.2, but all the other error for hurricane 

numbers decreased (Table 3.5).  

3.3.2 Model bias and recount 

The error of the original detection may be caused by bias within the model. Using 

GrADs, the wind vector and magnitude, sea level pressure, warm core level temperature, and 

vorticity are displayed over the entire season for every year with the SSDA data. The images 

are used for an intellectual detection or manual count of the storms created by the model. The 

initial storm location needs to be south of 30N. The vorticity must exceed 2.4*10-4 s-1. The 

temperature must be greater than the environment. Lastly the wind speed must exceed 17 

m/s. This intellectual detection is only done for total storm numbers. The manual count 

produces 11, 10, 9, 10, 23, 12, 12, 15, 6 and 22 for the 10 years. 

3.3.2.1 New sets 

The criteria tested numbers are then compare to this new set of numbers and a new 

low error point is chosen (Fig. 3.8.1 and 3.8.2). The error is slightly more random in the 

contour plot for the original 100 criteria combinations. The chosen criteria with the lowest 

error to the new set of counts are 2.6*10-4 s-1 and 17 m/s, to set the correct tropical storm  
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wind speed threshold. The error to observation is the same as the original criteria, but the 

error to the manual count is 1.2. MAE for tropical storm numbers is improved compared to 

the LEOB set. The LEOB set has an MAE of 2.5 to the manual count. The detection numbers 

for the criteria set with lowest error to manual count and the error to observations for each 

category is shown in table 3.6.  

3.3.3 New numbers with 15 years data 

LEOB and LEMAN criteria are used to detect the extended years of simulation. The 

MAE and standard deviation of the LEOB are improved over the improved values from the 

original detection. LEMAN does not improve over the original MAE or standard deviation, 

except for major hurricanes. LEOB and LEMAN performed comparatively for major 

hurricane numbers (Fig. 3.11), but the five extended years have no storms above category 1 

detected. Overall, LEOB brought many of the detected numbers closer to the observed values 

(Figs. 3.9.1-3, 3.10). 

3.4 Hurricane intensity bias correction 

3.4.1 Methods 

The next step to fix the model bias is a correction of intensity counts. The intensity 

correction is applied to both minimum sea level pressure and wind speed for each 6 hourly 

data output from SSDA LEOB and SSDA LEMAN separately. The first step to intensity 

correction is to calculate of mean and scatter the observation values and model data (Figs.  
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3.12, 3.16.1-2). The correction offers three different methods. Method one is to adjust the 5th 

and 95th percentiles towards the observations. Another method is to adjust the mean and 

percentile. The third method to test fits the larger values. All three methods are tested to see 

which will produce the correct range of wind speeds and minimum sea level pressures. 

Several figures are produced in comparing the methods.  

3.4.1.1 Picking the best method 

Testing each data set to be corrected shows that for both the MSLP and wind speeds, 

the first method, fitting the percentiles, performs the best (Figs. 3.13.1-2, 3.17.1-3). The 

scatter plots show the second method creates values that far exceed the observed maxima 

(Figs. 3.14, 3.18.1-2), and the third method created values that are lower and still not major 

hurricane strength (Figs. 3.15.1-4, 3.19.1-2). This is true for each data set, with LEMAN 

intensity correction shown in figures 3.20.1-9. The first method meets the correct values at 

both end of the spectrum. Now with the best method, the MSLP and wind speeds are fitted 

together following Atkinson and Holliday (1977). This creates the new values of both, and 

consequently these intensities for each storm can be analyzed for each year.  

3.4.2 LEOB vs. LEMAN 

The focus here are the two SSDA data sets corrections after the intensity correction. 

Both are compared to observations for an improvement in intensity related error. The total 

number of storms has not changed. All the errors for both have improved except for total 

number of major hurricanes due to a small error increase in category 3 hurricanes.  
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Comparing the two to each other, LEOB now has better intensity numbers than LEMAN. All 

error is less except at category 2, 4, and 5. The overall improvement of LEOB error for all 

categories is greater than the LEMAN (Figs. 3.21.1-3). These corrections are originally done 

with only 10 years of data, but the LEOB is expanded for 15 years. The only differences are 

in the hurricane and major hurricane numbers (Figs. 3.22.1-2). 

3.4.3 Wind-pressure relationship 

Atkinson and Holliday (1977) developed an equation representing the relationship 

between wind and pressure to represent the Northwest Pacific. It has been applied to much of 

the other basins as well. Figure 3.23 shows the resulting line of best fit from Atkinson and 

Holliday (1977). Figure 3.24 shows the scatter of wind versus pressure from the LEOB data 

before intensity correction, LEOB data after intensity correction and the observed wind and 

pressure. Before intensity correction values do not cover the entire range of wind-pressure 

values covered by the observations. After intensity correction, the data covers the entire 

range and seems to follow the non-linear line from figure 3.23, but the observations have a 

more linear relationship and more spread than the corrected data. However, for this study, the 

benefit of having the data match the maximum intensity outweighs the other aspects of the 

relationship from the observations. 

 

 

 

 

 



 

39 

Table 3.1 15 years SSDA detected number of storms for each category 

Original 
Detection 

 
1998 

 
1999 

 
2000 

 
2001 

 
2002 

 
2003 

 
2004 

 
2005 

 
2006 

 
2007 

 
2008 

 
2009 

 
2010 

 
2011 

 
2012 

Total 
Storms 

8 18 6 10 9 6 10 20 14 16 13 4 21 16 12 

TS 4 14 4 3 0 1 0 1 0 3 0 1 4 11 7 

H 4 4 2 7 9 5 10 19 14 13 13 3 17 5 5 

minor H 4 4 2 6 7 4 8 18 13 13 9 3 16 5 5 

H1 4 4 2 2 2 3 1 10 9 8 4 3 9 5 5 

H2 0 0 0 4 5 1 7 8 4 5 5 0 7 0 0 

Major H 0 0 0 1 2 1 2 1 1 0 4 0 1 0 0 

H3 0 0 0 1 2 1 2 1 1 0 4 0 1 0 0 

H4 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 

H5 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 
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Table 3.2  Mean absolute error and standard deviation for original detection against 

observations 

Original 
detection 

MAE STDEV 

TS 4.4 5.25357 

tsobs  3.233751 

tsdiff  2.0198 

H 4.666667 5.394 

hobs  2.231805 

hdiff  3.1622 

MH 1.733333 1.125463 

mhobs  1.58865 

mhdiff  -0.4632 

 

 

 

Table 3.3  Landfall risk values for Caribbean coast, Gulf coast of Mexico, Gulf coast of 

US, Southeast Atlantic coast of US, Florida, North Carolina, the Greater 

Antilles, and the Bahamas for 15 years 

Total Best 
Track 

BT H BT 
MH 

SSDA S H S MH 

Counts             

open ATLC 85 39 14 98 83 0 

Carib 59 30 18 93 74 0 

Gulf of Mex 72 32 12 84 65 0 

NATLC 142 71 36 177 129 0 

Landfalls             

CentAm y-v 27 11 6 56 30 0 

Gulf coast mex 13 3 2 32 11 0 

Gulf coast US 45 16 7 64 36 0 

SE US 24 10 2 53 26 0 

Big Islands 38 17 8 62 36 0 

Bahamas 14 8 5 46 19 0 

FL 27 8 4 40 20 0 

NC 10 4 1 10 5 0 
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Table 3.4  Detection sensitivity to resolution storm numbers and MAE for global, 36km, 

and 12km 

 2001 2002 2003 2004 2005 2006 2007 2008 2009 2010  

TS            

Obs 10 9 7 9 16 4 8 10 3 12 MA
Err 

GFS 5 3 3 6 8 4 2 7 2 6 4.2 

36kmSSDA 9 8 9 6 15 7 13 9 6 13 2.1 

12kmSSDA 11 12 9 10 24 15 16 16 6 21 5.2 

H            

Obs 4 3 2 6 10 1 4 6 2 7  

GFS 1 0 2 2 3 0 0 1 1 2 3.3 

36kmSSDA 3 6 3 5 8 5 8 6 2 6 1.6 

12kmSSDA 7 9 5 10 19 14 13 13 3 17 6.5 

 

 

 

Table 3.5  Least error to observations (LEOB) criteria detected storm numbers and the 

MAE for original 10 years 

LEOB 2001 2002 2003 2004 2005 2006 2007 2008 2009 2010 MAE 

No. of NS 7 11 7 9 16 12 12 13 4 15 2.4 

 No. of TS 0 0 1 0 0 0 0 0 0 0 4.2 

 No. of HR 7 11 6 9 15 12 12 13 3 14 5.7 

minor hr 5 10 3 6 11 11 10 7 3 12 5.7 

 No. of H1 3 4 1 1 7 6 5 3 3 4 2.2 

 No. of H2 2 6 2 5 4 5 5 4 0 8 3.7 

major hr 2 1 3 3 4 1 2 6 0 2 1.2 

 No. of H3 1 1 1 2 1 1 1 5 0 0 1.1 

 No. of H4 0 0 0 0 0 0 0 0 0 0 1 

 No. of H5 1 0 2 1 3 0 1 1 0 2 0.7 
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Table 3.6  Least error to manual count (LEMAN) criteria detected storm numbers and 

MAE for original 10 years 

LEMAN 2001 2002 2003 2004 2005 2006 2007 2008 2009 2010 MAE 

 No. of NS 11 2 9 10 24 16 16 16 6 21 4.7 

 No. of TS 1 1 2 0 2 1 2 0 1 2 3.1 

 No. of HR 6 12 7 9 21 15 12 15 5 17 7.4 

minor hr 4 10 4 6 16 14 9 9 5 14 7 

 No. of H1 2 4 2 1 11 9 5 5 4 5 3.3 

 No. of H2 2 6 2 5 5 5 4 4 1 9 3.7 

major hr 2 2 3 3 5 1 3 6 0 3 1.2 

 No. of H3 1 1 1 3 1 1 1 4 0 0 1.1 

 No. of H4 0 0 0 0 0 0 0 1 0 0 0.9 

 No. of H5 1 1 2 0 4 0 2 1 0 3 0.8 
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Figure 3.1  SSDA original detection total storm numbers compared with observed number 

of storms 
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Figure 3.2 SSDA original detection hurricane numbers compared with observations 
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Figure 3.3 SSDA original detection major hurricane numbers compared with 

observations 
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Figure 3.4.1 SSDA original detected tracks for 1998 
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Figure 3.4.2 SSDA track map 1999 
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Figure 3.4.3 SSDA track map 2000 
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Figure 3.4.4  SSDA track map 2001 
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Figure 3.4.5  SSDA track map 2002 
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Figure 3.4.6  SSDA track map 2003 
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Figure 3.4.7  SSDA track map 2004 
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Figure 3.4.8  SSDA track map 2005 
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Figure 3.4.9  SSDA track map 2006 
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Figure 3.4.10 SSDA track map 2007 
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Figure 3.4.11  SSDA track map 2008 
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Figure 3.4.12 SSDA track map 2009 
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Figure 3.4.13 SSDA track map 2010 
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Figure 3.4.14 SSDA track map 2011 
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Figure 3.4.15  SSDA track map 2012 
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Figure 3.5.1 Sensitivity of detection to resolution, global, 36 km and 12 km detected 

storms 
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Figure 3.5.2 Sensitivity of detection to resolution, global, 36 km and 12 km detected 

hurricanes 
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Figure 3.6.1 Mean absolute error contour plot to changes in detection algorithm criteria, 

13-27 m/s  wind speed and 1.6 to 4.4 x 10-4 s-1 vorticity 
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Figure 3.6.2 Mean absolute error contour plot extended cases, 23-27 m/s wind speed and 

3.0-7.0 x 10-4 s-1 vorticity. Area with the lowest error 
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Figure 3.7.1 Standard Deviation contour map 13-27 m/s  wind speed and 1.6 to 4.4 x 10-4  

s-1 vorticity 
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Figure 3.7.2 Standard Deviation contour map 23-27 m/s wind speed and 3.0-7.0 x 10-4 s-1 

vorticity, area with the lowest error 
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Figure 3.8.1 Mean Absolute Error contour map to manual detection. 13-22 m/s wind speed 

and 1.6 - 4.4 x 10-4 s-1 vorticity 
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Figure 3.8.2  Mean Absolute Error contour map to manual detection. 23-27 m/s wind speed 

and 1.6-7.0 x 10-4 s-1 vorticity 
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Figure 3.9.1 Criteria correction total storm numbers: Observations, SSDA LEOB, SSDA 

LEMAN, Original SSDA detection, and manual count 
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Figure 3.9.2 Criteria corrected total storm numbers: observations, SSDA LEOB, and 

SSDA LEMAN 
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Figure 3.9.3 Criteria corrected total storm numbers: SSDA LEOB, SSDA LEMAN, and 

Manual count 
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Figure 3.10 Criteria corrected hurricane numbers: Observations, SSDA LEOB, and SSDA 

LEMAN 
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Figure 3.11 Criteria corrected major hurricane numbers: Observations, SSDA LEOB, and 

SSDA LEMAN 
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Figure 3.12 Intensity correction Step 1: Scatter detected values with observed values 
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Figure 3.13.1-2  Intensity correction method 1 
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Figure 3.14 Intensity correction method 2 
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Figure 3.15.1-4  Intensity correction method 3 
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Figure 3.16.1-2 Pressure data scatter intensity correction step 1 and transform 
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Figure 3.17.1-2  Pressure data intensity correction method 1 and retransform 
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Figure 3.18.1-2 Pressure data intensity correction method 2 and retransform 



 

81 

 

 

Figure 3.19.1-5 Pressure data intensity correction method 3 and retransform 



 

82 

 

Figure 3.20.1  LEMAN data intensity correction wind data: step 1 
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Figure 3.20.2  LEMAN data intensity correction wind data: method 1 
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Figure 3.20.3  LEMAN data intensity correction wind data: method 2 
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Figure 3.20.4 LEMAN data intensity correction wind data: method 3 
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Figure 3.20.5  LEMAN data intensity correction pressure data: step 1 
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Figure 3.20.6  LEMAN data intensity correction pressure data: step 1 transformed with mean 
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Figure 3.20.7  LEMAN data intensity correction pressure data: method 1 
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Figure 3.20.8  LEMAN data intensity correction pressure data: method 2 
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Figure 3.20.9 LEMAN data intensity correction pressure data: method 3 
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Figure 3.21.1 LEOB versus LEMAN intensity corrected total storm numbers 

 

 

 

 

Figure 3.21.2 LEOB versus LEMAN intensity correction hurricane numbers 
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Figure 3.21.3 LEOB versus LEMAN intensity correction major hurricane numbers 
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Figure 3.22.1 LEOB intensity corrected total storm numbers for all 15 years 
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Figure 3.22.2 LEOB intensity correction hurricane numbers for all 15 years 
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Figure 3.22.3 LEOB intensity correction major hurricane numbers for all 15 years 
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Figure 3.23 Wind-Pressure relationship result from Atkinson and Holliday (1977) 
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Figure 3.24 Wind-Pressure relationship, LEOB data before intensity correction, LEOB 

data after intensity correction, and Observed data 
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Chapter 4: Statistical and Dynamical downscaling 

4.1 Methods 

4.1.1 Statistical regression 

The goal of this chapter is to further improve the dynamical results to replicate the 

observed frequencies of total storms, hurricanes and major hurricanes in each season. The 

results from the previous chapter are not very skillful at replicating the observations, 

especially for the general trend of major hurricanes. SSDA dynamical downscaling still 

needs improvement; statistical regression will be applied to this end. Regression directly uses 

the observations as a response variable to create coefficients and a constant for the model 

equation. The coefficients are applied to predictor elements of the model as weights. This 

equation is then used to predict or downscale the number of storms and hurricanes per year in 

the coastal region. Two response variables are tested with the regression, the observed 

coastal number and the ratio of the observed coastal number to the North Atlantic total.   

4.1.2 Matlab Stepwise 

The predictor analysis and regression is conducted using Matlab from MathWorks. 

Matlab has a statistical toolbox to conduct statistical analysis. Stepwise linear regression 

procedure is used to pick the best predictors for each model to correct each intensity count. 

The stepwise regression applies the predictors to the regression one at a time (forward) or 

includes all predictors in the equation and removes the predictors one at a time with highest  
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p-value/lowest correlation (backwards), until only the predictors with the low p-value and 

high correlation are left. The backwards stepwise regression is used here. The Matlab input 

statement is  

[b , se , pval , inmodel , stats , nextstep , history] = stepwisefit( predictor_matrix, 

response_vector, number_of_predictors_to_include). 

The stepwisefit is automated, and allows for many output statistics. It lists the coefficient (b), 

standard error (se), and p-value (pval) for each predictor tested, the predictors included and 

excluded from the model (inmodel), stats and history the last two of which collect many 

variables. Stats contains the models degrees of freedom for error, degrees of freedom for the 

regression, total sum of squares of the response, sum of squares of the residuals, F-statistic, 

p-value of the F-statistic, the root mean square error, the residuals for predictors not included 

in the model, residuals for the predictors included, beta coefficients for all even if predictor is 

not included, standard errors for coefficient estimates, t statistic for coefficient estimates, p-

value for coefficient estimates, y intercept,  and, finally, any NaN values in the model. The 

history collects the matrix of beta regression coefficients, root mean square errors, the 

degrees of freedom of the regression, and the predictors included in the model, all for every 

step when a predictor is removed from the model. This tool gives the best model for the 

given response/predictand, with the predictors to include in the model, the coefficient values 

to apply to the predictors, and the constant value to add. The model equation will look like 

this: 

 



 

100 

with y as the predictand vector, Ao as the constant y intercept,  the regression coefficient for 

each predictor, X the matrix of predictors with each predictor in separate columns.  

 The regression equation above has an exponent being applied to the right-hand side to 

allow for log-linear regression. As stated above, log-linear regression is necessary when the 

response variable is the count of storm or hurricanes for each year (Elsner and Villarini 

2011). The stepwise procedure is done with the natural log of the response variable. To get 

the resulting response count values, the exponential value of the predictors with their 

regression coefficients are summed with the y-intercept.  

4.1.3 Climate indices 

General statistical hurricane predictions only use indices that represent the different 

climate factors that affect the hurricane numbers as the predictors. There are 32 climate 

indices available from NOAA Earth System Research Laboratory. The climate index data is 

available monthly for the entire year, and seasonal averages are commonly used in statistical 

modeling. Each climate predictor is narrowed down by correlating the observed number of 

total storms, the hurricane numbers, and the major hurricane numbers for the coastal zone. 

Hence, the correlation analysis rules out the months and seasons with low correlation to get 

one value to represent one year. The seasonal averages tested are January February March 

(JFM), April May June (AMJ), July August September (JAS), and October November 

December (OND). All three observation types are used since there needs to be 3 models for 

each hurricane intensity count prediction.  

Stepwise procedure is used to test 768 combinations of climate predictors, for each  
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observation set. Many of these indices are related. The combinations do not include more 

than one SST, ENSO, Pacific oscillation, Atlantic oscillation, or solar index at once. The 

predictors used the most often of each predictor type are then tested one last time together for 

the best final climate predictor combination.  The SST predictors that are tested are Main 

development region sea surface temperature (MDRSST), Dipole mode (DM), Atlantic 

multidecadal oscillation (AMON), Atlantic meridional mode (AMMSST), North Atlantic 

temperature (TNA), South Atlantic temperature (TSA), Western hemisphere  warm pool 

(WHWP), Global GIS surface temperature anomaly (GGST), North hemisphere GIS surface 

temperature anomaly (NGST), South hemisphere GIS surface temperature anomaly (SGST), 

limited area Caribbean SSTs (LIMCAR), limited area East Atlantic SSTs (LIMEA), limited 

area Hawaiian SSTs (LIMHAW), limited area Indian Ocean SSTs (LIMIND), limited area 

Northern tropical Atlantic SSTs (LIMNTA), and limited area Southern tropical Atlantic SSTs 

(LIMSTA). The ENSO predictors tested are the Southern oscillation index (SOI), El 

Niño/Southern oscillation area 3 and 4 values (NINO34a), ENSO area 1 and 2 values 

(NINO12a), ENSO area 3 values (NINO3a), ENSO area 4 values (NINO4a), and 

Multivariate ENSO index (MEI). The other predictors that alternate in the different tests are 

Solar Radiation Index (SRI) and Solar Flux Index (SFI), North Atlantic Oscillation (NAO) 

and Arctic Oscillation (AO), and East Pacific Oscillation (EPO) and Pacific-North America 

index (PNA). The rest are tested in every model, Quasi-Biennial Oscillation (QBO), Main 

development region outgoing longwave radiation (MDROLR), MDR sea level pressure 

(MDRSLP), and MDR vertical wind shear (MDRVWS).   
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4.1.4 Dynamical predictors 

The combination of climate predictors and dynamical variables will create a new 

form of climate modeling. This will use certain variables that affect storm and hurricane 

numbers in the regional model. The dynamical predictors are calculated using GrADS. The 

temperature difference (DTKD) between the upper atmosphere (200 hPa) and the middle 

levels (850 hPa level) is averaged over the section of the Main Development Region (MDR) 

in the regional domain, 10N to 20N and 85W to 65W. Vertical wind shear (DVWS) is the 

difference between the 200hPa winds and the 850 hPa winds and is averaged over the same 

location. The third dynamical predictor is the mean sea level pressure (DMSLP) over the 

same location. All three variables are averaged for each of the six months and also for 3 two 

month periods, 2 three month periods and other combinations for the peak of hurricane 

season (June, July, A, S, O, N, JJ, AS, ON, JJA, SON, JA, AS, ASO).  

Once all the averages are complete, another correlation analysis is conducted to 

decide which month or combinations of months to use. The correlation limit value is 0.4 for 

storm and major hurricane numbers and 0.3 for hurricane numbers. For DTKD, the storm and 

hurricane numbers are well correlated with the May average, and major hurricane numbers 

with the March average. The December average of DVWS is correlated with the storm and 

hurricane numbers, and the May average with major hurricane numbers. All three models use 

the June average for DMSLP. The last dynamical predictor is the corrected dynamical model 

prediction for storm numbers, hurricane numbers, and major hurricane numbers, the LEOB 

data after intensity correction.  
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Assuming it can be known what the total North Atlantic basin storm and hurricane 

numbers will be for that season, it can be used as a predictor in the model to find the coastal 

storms. The predictor would come from the global model data that is downscaled by the 

regional model. Here, it is the observed total (TTS, TH, TMaH). This predictor is tested in 

separate models.  

4.2 Climate indices tests 

To choose the climate predictors and test a purely statistical regression, 768 

combinations of climate predictors are tested for total storm number, hurricane numbers, and 

major hurricane number models. The process is automated using the stepwisefit tool. The 

models created are widely varied using from 1 to 7 predictors. The models using the most 

predictors have the least root mean square error (RMSE). To reduce this issue, a 769th 

stepwise test is conducted. The last test is a combination of the predictors that are used the 

most in all of the 768 tests. One predictor of each alternating type is chosen based on how 

many times it is included over its counterpart. The final test for total storm numbers begins 

with MDRSLP, SOI, AO, PNA, and NGST as the predictors. For hurricane numbers, the 

predictors starts out as AO, LIMHAW, MDRVWS, SFI, SOI, and EPO, and the final test for 

major hurricane numbers uses SFI, AO, EPO, SOI, QBO, and MDROLR.  

 The purely statistical regression for total storms in the coastal zone go through one 

last stepwise procedure. The 5 predictors above reduce to 4, as AO has a p-value nearer to 1. 

The final purely statistical log-linear regression model includes NGST, MDRSLP, SOI, and  
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PNA, all with p-values less than 0.02. This model:  

 

creates storm numbers with MAE of 0.9441. The model has a RMSE of 0.1930 (Table 4.1), 

which is better than most of the 768 tests, but not the lowest RMSE. Figure 4.1 shows the 

statistical model frequency against the observed numbers. This model performs fairly well 

when compared with the observations.  

This total storm model suggests that the Northern Hemisphere land- and sea- surface 

temperature anomaly, sea level pressure in the Main Development Region, Southern 

Oscillation Index, and Pacific/North American index have the most influence on the North 

Atlantic coastal zone storm frequency. NGST is the northern hemispheric surface 

temperature monthly anomaly from a 30 year mean. When NGST is positive, the total storm 

numbers in the North Atlantic might be above average. MDRSLP has a more direct 

connection with tropical cyclone numbers. When MDRSLP is low/below average, tropical 

cyclones have above average intensities and are more frequent. SOI indicates ENSO patterns 

through sea level pressure anomalies. Negative phase SOI corresponds with positive phase 

ENSO, which prevents Atlantic storm formation. PNA represents the alternating 500hPa 

geopotential heights over N Pacific and NW North America. Positive PNA brings high 

heights over SE US and NW Atlantic, preventing recurvature, which aids in longer lived 

tropical cyclones. 

The purely statistical regression model for hurricanes in the coastal zone last stepwise 

procedure produces a model with 3 predictors, AO, SFI, and EPO. These predictors have p- 
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values below 0.05, the lowest belonging to EPO with 0.0014. This model:  

 

follows the observed trend very well (Figure 4.2). The MAE is less than that of the total 

storm numbers above. The regression coefficients  and model error statistics are listed in 

table 4.2. This model performs well with these three predictors relating to hurricane counts. 

The AO represents the oscillations of the coupled atmospheric pressures over the pole and 

the subtropics. In the positive phase, the atmospheric pressure over the North Pole is lower  

than normal and the subtropical high pressure is higher than normal, allowing stronger trade 

winds and preventing recurvature of hurricanes. SFI affects the hurricane intensity and 

temperature. EPO represents the oscillation of the coupled pressures over the NE Pacific, 

similar to the NAO, with a similar effect as the PNA in positive phase. These predictors 

generally affect the lifetime of the storm, with positive phase allowing storms to develop into 

hurricanes in the coastal zone.  

 The final retest of statistical predictors is for major hurricane numbers. The pure 

statistical major hurricane regression model ends up containing 4 predictors, MDROLR, SOI, 

EPO, and SFI. The p-values of these predictors remain below 0.02. SOI and EPO have the 

lowest p-values, lower than 0.001. The model: 

 

creates major hurricane numbers that generally follow the trend of the observations. An 

exception to this is that for the first 5 years the trend in the observations appears opposite to 

that of the models (Fig. 4.3). The biggest error is for 1997, where the modeled number of  
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major hurricanes is much greater than the observed number. The overall error is still very 

low. The regression coefficients and model error statistics are in Table 4.3. The one different 

predictor here than the two before is the MDROLR. This can be a measure of cloud top 

height. Lower MDROLR values mean higher cloud tops. Higher cloud tops represent 

stronger storms, and cloud areas that can form into strong major hurricanes. The next section 

combines these models with dynamical variables. 

4.3 Statistical and Dynamical Model Tests 

4.3.1 Coastal Zone Total Storm Hybrid Model Tests 

Taking the statistical model for total storm numbers above, the hybrid model is 

created by adding the dynamical variables, DTKD, DMSLP, DVWS, and the  intensity 

corrected LEOB total storm number. As above, a simple log-linear regression model is 

created using backwards stepwise technique. The procedure removes the dynamically 

predicted number of total storms, DMSLP, and DVWS. These predictors had p-values 

greater than 0.05. The only aspect that makes this model a hybrid statistical-dynamical model 

is the DTKD: 

 

This model, when all values are applied for regression coefficient (Table 4.4), results in 

values for each year that match with the observations (Fig. 4.4) with a MAE of 0.5428 and 

RMSE of 0.1101. This model simulates the number of storms for the coastal zone better than  
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the values produced by pure dynamical model SSDA LEOB, which the stepwise procedure  

found to be unskillful.  

 A second total storm model test includes the entire North Atlantic storm numbers. 

These values are applied as a ninth predictor to be tested in the stepwise procedure. This 

predictor is removed, in addition to the same predictors in the first test, producing the same 

model as the first: 

 

 

The number of storms created by this second test are the same as the first (Fig. 4.5). 

 The third and final test for total storm number linear regression model uses the ratio 

of the coastal zone observed number of storms to the full North Atlantic number of storms as 

the response variable. The stepwise procedure again produces a model with the same 

predictors as the first two tests above: 

 

However, this model has higher error than the first two. The MAE is 2.9806 and is noticeable 

in Figure 4.6 for all years except 2005. The regression coefficients and the model error 

statistics for the three regression tests are listed in Table 4.4.  

4.3.2 Coastal Zone Hurricane Hybrid Model Tests 

The predictors chosen for the purely statistical model for hurricane numbers are 

combined here with the dynamical predictors to create a hybrid model for hurricane numbers. 
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The stepwise procedure removed four predictors and included the DMSLP and EPO for the 

hurricane log-linear model: 

 

This model is a simple form of statistical-dynamical model, with one dynamical predictor 

and one climate predictor. The MAE here is 0.7707. This model regression’s results do not 

reach many of the peaks seen in the observations (Fig. 4.7). The regression coefficients and 

other error statistics for all hurricane regression tests are in table 4.5.  

The second hurricane regression test adds a predictor of the hurricane numbers for the 

entire North Atlantic. The stepwise procedure creates a model that includes DMSLP, EPO 

and TH: 

 

This model has MAE of 0.5495, and follows the trend of the observations very well (Fig. 

4.8). 

 The third hurricane regression test uses the basin total storm numbers as the 8th 

predictor. This relates the number of hurricanes in the coastal zone to the number of total 

storms that form in the North Atlantic. The stepwise regression includes the same predictors 

as before, DMSLP, EPO, and TTS: 

 

This model performs very closely with the second test, as can be seen in figure 4.9 and the 

MAE, 0.5524. The hurricane regression tests handle the basin total predictors much better 

than the tests for total storm number regression models. 
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This second to last hurricane regression test uses the ratio of coastal hurricane 

numbers to basin total hurricane numbers as the response variable. The stepwise procedure 

included DMSLP, AO and EPO as the predictors for the model: 

 

The MAE for this model is greater than for the previous hurricane regression tests, 1.8188. 

The resulting hurricane numbers follow the trend in the observations very well (Fig. 4.10). 

However, the values are lower for every year. 

 The final hurricane regression test uses the ratio response, but from coastal hurricane  

numbers to basin total storm numbers. Like the third hurricane regression test, this 

acknowledges the relationship that hurricane numbers in the coastal zone rely on the total 

storm numbers in the basin. The stepwise procedure includes the same predictors as the 

fourth hurricane regression test, DMSLP, AO, and EPO: 

 

This model has lower MAE than the fourth test, with MAE of 1.6725. They perform very 

similarly though (Fig. 4.11).  

4.3.3 Coastal Zone Major Hurricane Hybrid Model Tests 

As previously, the predictors chosen in the purely statistical regression from major 

hurricanes are combined with dynamical variables and the dynamically detected number of 

major hurricanes. This statistical regression is necessary to fix any remaining issues in major 

hurricane detection after the intensity correction. The statistical errors and regression 

coefficients for these tests are displayed in table 4.6. The first major hurricane regression test  
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only includes the climate predictors, MDROLR, SOI, EPO and SFI. The stepwise procedure 

found all the dynamical predictors to be unskillful in predicting major hurricanes. The model 

appears the same as the pure statistical model,  

 

and the MAE is the same, 0.8845. The results in figure 4.12 are the same as figure 4.3. Also, 

the second, third and fourth major hurricane regression tests remove all the dynamical 

variables and keep the purely statistical model. These tests included the basin wide numbers 

for major hurricanes, hurricanes and total storms as a 9th predictor respectively.  

 The fifth major hurricane regression test uses a ratio response of coastal major 

hurricanes to total major hurricanes. The stepwise procedure includes two dynamical 

variables and one climate index, DTKD, DVWS, and EPO. The model appears as: 

 

This model follows the general trend in the observations (Fig. 4.13), but the values are still 

lower than observations for many of the years. The MAE for this model is 0.9530. 

 The sixth major hurricane regression test uses the ratio response of major hurricanes 

in the coastal zone to hurricanes in the entire basin. The stepwise procedure includes the 

same predictors as the fifth test. The model is the same as before, but multiplied by the total 

number of hurricanes rather than major hurricanes: 

 

The MAE for this model is slightly less at 0.9524.  

 Following along with this trend of tests, this last regression test uses the ratio  
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response of major hurricanes to basin-wide storm numbers, and creates a model that includes 

the same predictors as the fifth and sixth tests. The model appears similar, with multiplication 

by total number of storms for the entire basin: 

 

The MAE for this model is 0.9524, also. Even though these last three models had similar 

errors, and similar predictors, the results do differ, as can be seen in figures 4.13-15 and in 

the value of the y-intercept. The intercept shows the largest negative value for the first ratio 

major hurricane regression test, and the least negative value for the last ratio major hurricane 

regression test. 

4.3.4 Best Statistical and Dynamical Model  

The best model of each type of statistical-dynamical model must first include a 

dynamical variable, and secondly have the lowest MAE of the tests. For total storm numbers, 

the best model is created by both the first and second tests. The predictors included are 

DTKD, NGST, MDRSLP, SOI, and PNA. This adds to the purely statistical model by one 

dynamical variable. This variable represents the upper atmospheric warm temperatures 

necessary for tropical storm development. The best model for hurricane numbers is created 

by the second test. This model includes DMSLP, EPO and the basin wide number of 

hurricanes as predictors. The first predictor represents the average sea level pressure for the 

MDR in the coastal zone. When these values are low, the number of hurricanes is expected to 

be high. This model also assumes there is a prior knowledge of the basin wide hurricane 

numbers, which is not a problem in downscaling. The best model for major hurricane  
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numbers does not have the lowest MAE. It can either be the 6th or 7th tested model. Both 

assume a prior knowledge of basin wide numbers, hurricanes and total storms respectively. 

These models both use EPO and two dynamical predictors. DVWS represents the average 

vertical wind shear over the MDR in the coastal zone, which would need to be low if the 

numbers of major hurricanes are to be above average. 

4.4 Statistical vs. Dynamical vs. Statistical and Dynamical model 

The results of each type of model used in this thesis, SSDA LEOB after intensity 

correction, pure statistical model, and combined statistical and dynamical model, are plotted 

in figures 4.16-18 for total storm numbers, hurricane numbers and major hurricane numbers  

respectively. The hybrid statistical-dynamical model performs best for tropical cyclone 

number and hurricane numbers. For major hurricane numbers, the pure statistical model 

performs the best, but the error is only greater in the statistical-dynamical models by 0.1 

storms.  
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Table 4.1 Purely Statistical Total storms regression coefficients, p-value, standard error, model root mean square error, and 

model mean absolute error 

 Predictor NGST MDRSLP SOI AO PNA Full Model 

Beta 0.007768 0.2873388 0.17163401 0 0.164838  

P-value 0.009378 0.0043831 0.00132338 0.12543 0.018594  

SE 0.002422 0.0784902 0.03895777 0.09082 0.058739  

RMSE      0.193 

MAE      0.9441 
 

 

 

 

 

 

Table 4.2 Purely Statistical Hurricanes regression coefficients, pval, SE, model RMSE, and model MAE 

Predictor  AO LIMHAW    MDRVWS SFI SOI EPO Full model 

Beta -
0.39215 

0 0 0.000478 0 -0.37166906  

P-value 0.01249 0.806388
3 

0.90885318 0.042809 0.234102 0.00142244  

SE 0.13154 0.446180
8 

0.09998381 0.000209 0.103298 0.08795248  

RMSE       0.318636813 

MAE       0.8801 
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Table 4.3 Purely Statistical Major Hurricanes regression coefficients, pval, SE, model RMSE, and model MAE 

Predictor SFI AO EPO SOI QBO MDROLR Full model 

Beta 0.15619 0 0.79546565 -1.47572 0 0.00125058  

P-value 0.00737 0.6631819 0.000141 0.000217 0.271274 0.01139162  

SE 0.046629 0.0174036 0.13366326 0.261956 0.728989 0.00040437  

RMSE       0.664163575 

MAE       0.8845 
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Table 4.4 Statistical-Dynamical Total storms regression coefficients, pval, SE, model RMSE, and model MAE 

Predictor DMSLP DTKD DVWS DTS NGST MDRSLP SOI PNA TTS Full 
Model 

Beta1 0 0.405989 0 0 0.007063 0.370830 0.153421 0.135632   

Pvalue1 0.83956 0.001183 0.350943 0.215254 0.000662 3.03E-05 7.91E-05 0.003212   

SE1 0.06640 0.087098 0.085261 0.012746 0.00139 0.048226 0.022565 0.03409   

RMSE1          0.1101 

MAE1          0.5428 

Beta2 0 0.405989 0 0 0.007063 0.370830 0.153421 0.135632 0  

Pvalue2 0.83956 0.001183 0.350943 0.215254 0.000662 3.03E-05 7.91E-05 0.003212 0.7217  

SE2 0.06640 0.087098 0.085261 0.012746 0.00139 0.048226 0.022565 0.03409 0.0217  

RMSE2          0.1101 

MAE2          0.5428 

Beta3 0 0.147881 0 0 0.001831 0.104001 0.034607 0.050726   

Pvalue3 0.28386 0.000492 0.291175 0.522467 0.002626 8.52E-05 0.000988 0.001208   

SE3 0.01975 0.027892 0.026865 0.004399 0.000445 0.015444 0.007226 0.010917   

RMSE3          0.0353 

MAE3          2.9806 
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Table 4.5  Statistical-Dynamical Hurricanes regression coefficients, pval, SE, model RMSE, and model MAE 

Predictor DMSLP DTKD DVWS DH AO SFI EPO TTS,TH Full 
model 

Beta 0.443858 0 0 0 0 0 -0.32173978    

Pvalue 0.000286 0.1577542 0.35713486 0.918011 0.221554 0.95417087 0.000268019    

SE 0.087933 0.15897 0.10817348 0.031186 0.101988 0.00017346 0.063261406    

RMSE         0.244441 

MAE         0.7707 

Beta2 0.365194 0 0 0 0 0 -0.24459429 0.055588   

Pvalue2 0.001047 0.5777897 0.81889309 0.873902 0.646022 0.97447373 0.002772323 0.041852   

SE2 0.08282 0.1718432 0.10507387 0.026851 0.10432 0.00014948 0.063786306 0.024143   

RMSE2         0.209727 

MAE2         0.5495 

Beta3 0.373934 0 0 0 0 0 -0.26423865 0.03676   

Pvalue3 0.000778 0.8878907 0.94692853 0.582762 0.606475 0.8620083 0.001038966 0.042611   

SE3 0.08148 0.23749 0.11343813 0.027016 0.102796 0.00015039 0.059865119 0.016037   

RMSE3         0.21003 

MAE3         0.5524 

Beta4 0.053948 0 0 0 -0.08369 0 -0.07247149    

Pvalue4 0.099165 0.5374407 0.92744047 0.107155 0.027076 0.82915244 0.004742573    

SE4 0.029956 0.0738212 0.05674982 0.012926 0.03284 6.43E-05 0.020549593    

RMSE4         0.076571 

MAE4         1.8188 

Beta5 0.031124 0 0 0 -0.04828 0 -0.04181048    

Pvalue5 0.099165 0.5374407 0.92744047 0.107155 0.027076 0.82915244 0.004742573    

SE5 0.017282 0.0425892 0.03274028 0.007457 0.018946 3.71E-05 0.011855534    
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Table 4.5 continued 

RMSE5         0.044176 

MAE5         1.6725 
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Table 4.6  Statistical-Dynamical Major hurricanes regression coefficients, pval, SE, model RMSE, and model MAE 

Predictor DMSLP DTKD DVWS DMH MDROLR SOI EPO SFI Basin Full 
model 

Beta 0 0 0 0 0.15619 0.795465 -1.475721 0.001251   

Pvalue 0.6102 0.666843 0.433681 0.710585 0.00737 0.000141 0.000217 0.011392   

SE 0.33624 0.637253 0.256683 0.116139 0.046629 0.133663 0.261955 0.000404   

RMSE          0.6645 

MAE          0.8845 

Beta5 0 -
0.280009 

-
0.129487 

0 0 0 -0.189192 0   

Pvalue5 0.53327 0.011511 0.008285 0.149472 0.353917 0.159910 0.000889 0.533025   

SE5 0.05229 0.092504 0.040321 0.018446 0.007922 0.023665 0.041971 8.82E-05   

RMSE5          0.1210 

MAE5          0.953 

Beta6 0 -
0.130671 

-
0.060427 

0 0 0 -0.088289 0   

Pvalue6 0.53327 0.011511 0.008285 0.149472 0.353917 0.159910 0.000889 0.533025   

SE6 0.02440 0.043168 0.018816 0.008608 0.003697 0.011043 0.019586 4.11E-05   

RMSE6          0.0565 

MAE6          0.9524 

Beta7 0 -
0.075387 

-
0.034862 

0 0 0 -0.050936 0   

Pvalue7 0.53327 0.011511 0.008285 0.149472 0.353917 0.159910 0.000889 0.533025   

SE7 0.01408 0.024905 0.010855 0.004966 0.002133 0.006371 0.011299 2.37E-05   

RMSE7          0.0326 

MAE7          0.9524 
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Figure 4.1 Pure statistical model total storm numbers and MAE 
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Figure 4.2 Pure statistical model hurricane numbers and MAE 
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Figure 4.3 Pure Statistical model major hurricane numbers and MAE 
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Figure 4.4 Statistical and Dynamical total storm regression test 1 and MAE 



 

123 

  

Figure 4.5 Statistical and Dynamical total storm regression test 2 and MAE 
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Figure 4.6 Statistical and Dynamical total storm regression ratio response and MAE 
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Figure 4.7 Statistical and Dynamical hurricane regression test 1 and MAE 
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Figure 4.8 Statistical and Dynamical hurricane regression test 2 and MAE 
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Figure 4.9 Statistical and Dynamical hurricane regression test 3 and MAE 
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Figure 4.10 Statistical and Dynamical hurricane regression ratio response test 1 and MAE 
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Figure 4.11 Statistical and Dynamical hurricane regression ratio response test 2 and MAE 
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Figure 4.12 Statistical and Dynamical major hurricane regression test 1 and MAE 
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Figure 4.13 Statistical and Dynamical major hurricane regression ratio response test 1 and 

MAE 
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Figure 4.14 Statistical and Dynamical major hurricane regression ratio response test 2 and 

MAE 
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Figure 4.15 Statistical and Dynamical major hurricane regression ratio response test 3 and 

MAE 
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Figure 4.16 Model output comparison for total storm counts, between SSDA LEOB 

(dynamical model), purely statistical model, and statistical-dynamical model 
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Figure 4.17 Model output comparison for hurricane counts, between SSDA LEOB 

(dynamical model), purely statistical model, and statistical-dynamical model 
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Figure 4.18 Model output comparison for major hurricane counts, between SSDA LEOB 

(dynamical model), purely statistical model, and statistical-dynamical model 

(ratio response) test2, and statistical-dynamical model (ratio response) test3 
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Chapter 5: Conclusions 

5.1 Overview 

 Hurricanes affect the Southeast coastal region of the United States more than any 

other part of the US, and coastal populations are set to increase. Improving the downscaling 

of hurricanes through hindcasting is consequently vital to improve hurricane forecasting. 

Dynamical downscaling of hurricanes allows more realistic intensities to develop. The 

statistical forecasting of hurricanes is limited to using climatic factors for the entire basin. 

Combining these two methods will improve the accuracy of both to model hurricanes. The 

statistical regression improves the dynamical downscaled intensity, and the dynamical data 

adds new knowledge to the statistical model that directly relates to hurricane activity. 

Statistical-dynamical downscaling of tropical cyclones is a relatively new field of research, 

with little focus on coastal zones. Focusing on the coastal zones for improved hurricane 

seasonal activity simulations can be applied to allow both the coastal population to better 

prepare for upcoming seasons and policy makers to budget for potential damages.  

5.2  Overall conclusions 

 First, 15 years of global data is dynamically downscaled to a 12 km horizontal grid 

spacing coastal domain and put through a tropical cyclone detection and tracking algorithm. 

The number of storms and hurricanes detected with the first set of criteria has high error 

caused by the criteria values only having been tested for the most active year of simulation.  
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Many combinations of criteria are tested, and a map of error is used to find the set with the  

lowest error. This criteria still does not produce an accurate amount of hurricanes or major 

hurricanes. This may be due to biases in the dynamical model, or because 12km grid spacing 

may still be too coarse. The wind speed and central sea level pressure data for the detected 

storms are corrected for intensity by matching the 5th and 95th percentiles to the observed 5th 

and 95th percentiles. Once this is done, the wind speed and sea level pressure are also 

corrected through Atkinson and Holliday (1997) wind-pressure relationship. These new 

values match the observed extent of maxima wind and minima pressure, but not the full 

spread seen in the observations. The number of hurricanes is improved by the intensity 

correction, but the trend in the number of major hurricanes still needs improvement. 

 The dynamical tropical cyclone data is further improved through statistical 

regression. First, statistical regression is conducted only for observed climate predictors. To 

choose the correct combination of predictors, 768 combinations are tested using backwards 

stepwise technique for total storm, hurricane, and major hurricane numbers separately. The 

predictors that are included the most are run through stepwise technique again, to narrow 

down the predictors for use in combined statistical–dynamical regression tests and to create a 

purely statistical log-linear regression for comparison. Three, five, and seven predictor-

response combinations are tested for total storm, hurricane, and major hurricane regressions 

respectively. These combinations included the predictors used in the statistical models and 

created from the dynamical data, along with response variables representing the natural log 

of the coastal number and the ratio of coastal numbers to full basin numbers. Each of these 
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tests, through backward stepwise technique, removed the improved dynamically detected 

storm, hurricane, and major hurricane number, showing the dynamical model simulated  

number of storms, hurricanes, and major hurricanes are not skillful. The best statistical-

dynamical total storm model uses log-linear regression with the upper level warm anomaly 

from the dynamical model (DTKD), the northern hemispheric surface temperature anomaly 

(NGST), the sea level pressure in the Main Development Region (MDRSLP), Southern 

Oscillation Index (SOI), and Pacific/North American index (PNA) as predictors. The best 

statistical-dynamical hurricane model uses log-linear regression with mean sea level pressure 

from the dynamical model (DMSLP), Eastern Pacific Oscillation index (EPO), and the total 

observed hurricane numbers in the North Atlantic (TH) as the predictors. These two models 

are more skillful than the dynamical model and the statistical model for total storm and 

hurricane numbers. Two major hurricane statistical-dynamical models have the same mean 

absolute error, but they do not outperform the purely statistical model. However, the 

difference in error between these two types of major hurricane models is not large. To get a 

better representation of the statistical-dynamical downscaling of total storm, hurricane, and 

especially major hurricane frequency skills, more work needs to be done to expand the data 

set. 

5.3 Future work 

 To improve upon this study, several things need to be done. The difference between 

the CFSR analysis data and the CFSR 6 hour forecast data should be calculated to find any  
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systematic errors that may have been introduced into the model. The same should be done for 

GFS final analysis and the CFSR data to analyze any discontinuity within the data used. 

More dynamical model bias detection and correction should be conducted to find why the  

error for some years of simulation is greater than others. A track and cyclone size analysis 

with landfall could be produced with the results of this thesis to produce more landfall risk 

analysis with extent of damage. To add statistical significance, the years of dynamical 

downscaling should extended back to 1980. Residual tests and other statistical tests need to 

be applied to the statistical models created in this thesis. Adding to the array of dynamical 

variables to test as predictors would improve the statistical-dynamical model ability to 

represent both types of model. With these results, future climate projections can be 

conducted using Global Climate Model dynamical output as predictors.  
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