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ABSTRACT 
 
 
 
 

Two emerging datasets, QuikSCAT surface winds and Global Positioning System (GPS) 

radio occultation (RO) vertical soundings, have the potential to improve tropical cyclone (TC) 

initialization and, in turn, improve TC prediction. QuikSCAT surface wind with high horizontal 

resolution and GPS RO temperature and moisture profiles with high vertical resolution can 

observe TC environments where conventional observations are lacking or non-existent, 

substantially enhancing the current observation network. These data may be beneficial in the 

initialization of structures of weak TCs into NWP models, which currently is a major challenge 

of the present bogus data assimilation (BDA) schemes. 

This work explores the potential utility of these data in TC observations by selecting a large 

number of cases for the North Atlantic (NATL) basin for the 1999-2004 hurricane seasons for 

QuikSCAT and 2001-2003 hurricane seasons for GPS RO. Data coverage, close proximity to the 

TC center, and observations within +/-3 h of comparison data times were criteria for case 

selections. QuikSCAT-derived parameters important in BDA (i.e., maximum wind, radius of 

maximum wind, and the 34-kt radius) were compared with those from the National Hurricane 

Center (NHC) and the Hurricane Research Division (HRD). GPS RO vertical soundings of 

bending angle and refractivity were compared with soundings derived from the National Centers 

for Environmental Prediction (NCEP) dataset and dropsondes. Results from this study show that 

both datasets have great promise for improving TC initialization and prediction. These 

comparisons revealed some quality issues in the data that are exasperated in TC environments 

because of high incidence of rainfall (QuikSCAT) and high ambient water vapor content in the 

lower troposphere (GPS RO). These data quality concerns need to be addressed before 

assimilation of these data can be undertaken. Noticeable errors and biases in these observations 

are found to be weather-dependent. In future work, adjoint sensitivity and four-dimensional 

variational (4D-Var) minimization studies will be used to assess the impact these datasets will 

have in hurricane prediction. 
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CHAPTER 1 

INTRODUCTION 

 

 

 

 

1.1 Motivation 

 

Hurricanes are a leading cause of property damage and casualties among all natural 

disasters. More accurate hurricane track and intensity forecasts can save lives and 

property through improved warnings, by reducing the number of false alarms and also 

giving the warned public more time to prepare for the storm’s landfall. 

Many lives are saved through voluntary and mandatory evacuations, and can be 

made more efficient and effective with improved tropical cyclone (TC) forecasts. The 

evacuation process usually begins well before people are ordered to leave coastal areas 

(Wolshon et al. 2001). The emergency management agencies monitor TC conditions 

and their actions vary on a case-by-case basis. The process of implementing a 

mandatory evacuation is based heavily on the track and intensity forecasts made by the 

National Hurricane Center (NHC).  Evacuations have transitioned from mostly 

localized to mostly regional occurrences (Wolshon et al. 2001). A population explosion 

along the coasts of the Atlantic and the Gulf of Mexico is a major reason for this 

transition. Evacuation routes have changed little over the years, despite the huge 

increase of the coastal population. This migration was partially due to a lull relative to 

climatology in hurricane activity during the period from 1970-1994 (Elsner and Kara 

1999). Since then, the period from 1995-2004 has been above average in terms of TC 

activity. Fortunately, rapid advancement in TC warning technology has taken place 

during this period. 

There are two aspects to TC forecasts: storm track and storm intensity. Storm track 

forecasts are the predicted locations of the storm center at specified times after the 

issuance of the forecast, such as 12, 24, 36, 48, 96, and 120 h. Intensity forecasts are the 
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maximum sustained surface winds (using the U.S. 1-min average) in the storm 

circulation at the same times as the track forecasts. While both the skill of storm track 

and intensity has improved greatly over the past decade, intensity forecast skill 

continues to be much lower than that of track forecasts (DeMaria and Kaplan 1999).  

The skill is defined as the relative error of hurricane forecasts compared to forecasts 

derived from climatology and persistence (CLIPER). Climatology is a forecast that is 

based on the statistical averages of weather patterns over a period of years. Persistence 

is a forecast that assumes conditions at a later time will be the same as the initial 

condition. In Figure 1.1, the relative error of the official NHC track and intensity 

forecasts are shown out to 72 h for two 5-yr periods, 1992-1996 and 1997-2001 over the 

Atlantic Basin. The relative error is defined as: 

 

1−=
−

CLIPER

NHC

CLIPER

CLIPERNHC

ε
ε

ε
εε

, (1.1)

 

where NHCε  is the official NHC track or intensity forecast error and CLIPERε  is the 

CLIPER-based control forecast error. In Figure 1.1, it can be seen that beyond 24 h, the 

skill of intensity forecasts over CLIPER is much closer to zero than that of track 

forecasts. The forecast errors are calculated by using the best-track storm tracks and 

intensities. The control forecasts for these skill assessments were obtained from the 

3-day Statistical Hurricane Intensity Forecast (SHIFOR) model. In addition to SHIFOR, 

the Statistical Hurricane Intensity Prediction Scheme (SHIPS) model is used 

operationally at the NHC to aid in TC intensity prediction. Multiple regression 

techniques are used in SHIPS to incorporate climatology and persistence, as well as 

other synoptic predictors, such as vertical wind shear (DeMaria and Kaplan 1994, 

1999). 
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Figure 1.1. Relative error of the official NHC track and intensity forecasts to the error 

of “control” forecasts made through a combination of climatology and persistence 

(CLIPER) for 1992-96 and 1997-2001 (Adapted from Knaff et al., 2003). 

 

 

 

 

There are three main reasons why intensity forecast skill lags behind the skill of 

track forecasts. The first reason is that the estimation of storm intensity is poorer than 

the estimation of storm motion (DeMaria and Kaplan 1999). The initial storm intensity 

is usually estimated with satellite data using the Dvorak technique. These estimates are 

made by three different agencies and are the basis for the initial intensity discussed in 

the advisories. However, when reconnaissance measurements are taken and/or surface 

observations such as buoy or ship measurements are available, they often supercede the 

satellite-derived estimates (DeMaria 1999). The Dvorak technique provides a way of 

obtaining reasonable TC intensity estimates; however, the intensity is not often, if ever, 

measured directly. Secondly, there is a great lack of reliable model guidance for TC 

intensity. Only about 10% of the NHC intensity forecast input is from model guidance 

(DeMaria 1999). In addition to SHIPS and SHIFOR, which were mentioned previously, 
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only the Interpolated Geophysical Fluid Dynamics Laboratory (GFDI) model and the 

Florida State University (FSU) super ensemble forecasts are used operationally for 

intensity prediction guidance. The third major issue with intensity forecasts is that the 

dynamics and thermodynamics governing the intensity of tropical cyclones are not well 

understood (Emanuel 2000). Often, these governing factors are on quite short temporal 

scales (hours). In addition to short temporal scales, there are four major factors, all of 

which are nonlinear, involved in intensity change (Titley and Elsberry 2000). These 

interactive processes are upper-ocean thermal structure changes, planetary boundary 

layer (PBL) and convective transports, upper-tropospheric static stability, and external 

factors, such as, vertical shear and eddy angular momentum transports. 

Large-scale analysis does not resolve the detailed structure of TCs. The minimum 

central pressure initialized in large-scale analyses is much higher than reality, resulting 

in much weaker winds. Also, the storm position is often misplaced. As a result of these 

two limitations, there is a lag between the time models spin up TCs and reality. The 

additional input into the model is referred to as a “bogus” vortex. This is a user-placed 

initial vortex field, usually in a nested domain with a finer resolution. If the bogus 

vortex contains several important features of the initial TC, the model can more 

accurately forecast the TC’s track and intensity (Zou and Xiao 2000). 

In order to specify a bogus vortex which is representative of the true atmospheric 

state, additional data are needed. Observations can be incorporated into an analysis 

using a number of different data assimilation schemes. Two commonly used schemes 

which combine observations with the model’s forecast to produce the new analysis 

include optimal interpolation (OI) (Gandin 1963; Lorenc 1986) and three-dimensional 

variational data assimilation (3D-Var) (Parrish and Derber 1992; Courtier et al. 1994). 

Analyses using these two schemes are carried out at synoptic times and incorporate 

observations at and near synoptic times and the time of the update cycle. A more recent 

scheme, the mesoscale four-dimensional variational (4D-Var) data assimilation scheme, 

has been developed (Zou et al. 1997). This scheme can incorporate asynoptic 

observations more precisely in time into the model analysis. Most observations of TCs 

are asynoptic; hence, these observations can be incorporated into the bogused vortex 
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simultaneously using 4D-Var. The 4D-Var bogus data assimilation (BDA) scheme has 

been used to initialize mature hurricanes of moderate intensity quite successfully (Zou 

and Xiao 2000, Xiao et al. 2000, Zou et al. 2001, Park and Zou 2004). However, further 

research on initialization of a weak TC is needed. QuikSCAT surface wind observations 

are appropriate for studying weak TCs for many reasons, one of which is QuikSCAT 

winds were found to be quite accurate at wind speeds less than 20 m s
-1

 (Bourassa et al. 

2003). 

 Scatterometers only observe surface and low-level circulation structures of TCs. 

Another type of satellite data that can contribute to improving the initialization of TCs 

is the GPS radio occultations (ROs), which provide high vertical resolution profiles of 

the atmospheric thermodynamic state. The description of the vertical structure of TCs is 

important when predicting their development. For TCs far away from land, there are 

few vertical soundings available because reconnaissance flights cannot be embarked 

upon and there are no radiosonde observations available, except for those that may be 

launched from an occasional ship. Even when TCs approach land or make landfall, 

radiosonde and reconnaissance observations may be sparse. The GPS radio occultation 

data may provide additional useful information on the vertical structure of TCs not 

resolved or measured by other observations. The GPS RO observed variable most 

considered is refractivity N, which is a function of the atmospheric temperature and 

moisture. Good initializations of moisture structures have been shown to be important 

in both track and intensity prediction (Peng and Chang 1996, Zhu et al. 2002). GPS 

RO-derived temperatures are fairly accurate near and at the tropopause (Ware et al. 

1996). This, in combination with the dependence of intensity on tropopause 

temperature (Holland 1997, Rodgers et al. 1998, Rodgers et al. 2002), suggests that 

GPS RO-derived temperatures also may be a valuable addition to the current sources of 

tropopause temperature observations which aid in TC intensity initializations. 

 

1.2 Thesis Objectives and Organization 

 

This study makes an initial effort to assess the potential applications of the 



 6

QuikSCAT surface winds and GPS ROs to improve TC initialization. In Chapter 2, 

values of wind-related parameters issued by the NHC are compared with those derived 

from the QuikSCAT wind vectors. In Chapter 3, first, agreements of GPS RO data with 

NCEP large-scale analysis within TC environments are compared with those on a 

global scale. Second, GPS-derived temperature and vapor pressure profiles within 

hurricane environments are examined. Finally, several profiles are compared with 

collocated dropsonde profiles. Summary and conclusions are presented in Chapter 4. 
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CHAPTER 2 

QUIKSCAT WIND VECTORS IN TROPICAL CYCLONE 

ENVIRONMENTS 

 

 

 

 

2.1 Introduction 

 

 The SeaWinds instrument aboard the Quick Scatterometer (QuikSCAT) satellite 

provides large amounts of surface wind observations within TC environments. 

Scatterometer data have been used numerous times in cyclone initializations and NWP 

forecasts. One of the earliest case studies was on the Queen Elizabeth II Storm (QES II) 

that occurred on 9-11 September 1978. This storm was observed by the Seasat-A 

scatterometer (SASS). Duffy and Atlas (1986) used a modified Cressman analysis to 

interpolate the SASS observations onto a limited-area fine resolution NWP model. 

During the 6-h interval from 0600 to 1200 UTC 10 September 1978, they found a 36-h 

predicted sea level pressure (SLP) improvement of ~12 hPa in the storm’s minimum 

central pressure and thicknesses were closer to the observed values. The amount of 

diabatic heat released through rising motion was doubled near the core of the storm. 

Lenzen and Johnson (1993) also studied the SASS data’s impact on the simulation of 

QES II. They used the Goddard Laboratory for Atmospheres (GLA) analysis-forecast 

system at a 2° × 2.5° resolution. The data were assimilated by the 3-D multivariate OI 

objective analysis scheme. Slight improvements in track and minimum SLP were 

obtained. Again, maximum heating rates associated with diabatic heating were the 

main reason for the improvements. 

 As previously mentioned, scatterometer data have great potential in the observing 

of the surface wind field of tropical cyclones. Tomassini et al. (1998) assimilated 

European Space Agency polar-orbiting satellite (ERS-1) data into the European Centre 

for Medium-Range Weather Forecasts (ECMWF) forecast system using 3D-Var. The 
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cases in their study were TCs in the North Atlantic (NATL) from 24 August to 8 

September 1995. The analysis positions of many of their cases, based on 6-h model 

forecasts, showed a reduction in position error from an average of 173 km to 111 km.  

The 24-h and 48-h forecasts showed less, but still substantial improvement. The 72-h 

forecast had the most improvement due to ERS-1 data, through detection of relative 

vorticity maxima above the 5×10
-5

 s
-1

 threshold. 

 Isakessen and Stoffelen (2000) continued the study of Tomassini et al. (1998), 

except that in this case, a comparison of the OI scheme with the 4D-Var data 

assimilation scheme was made. They also extended the forecasts out to 120 h. There 

were three experiments in this study: OI without ERS-1 data, 4D-Var without ERS-1 

data, and 4D-Var with ERS-1 data. Improvements due to the ERS-1 data in both the TC 

position and intensity were observed. 

 Scatterometer surface winds can also be used in various BDA schemes. The 

gradient wind balance equation can be used to obtain a pressure field from the observed 

wind field. This pressure field can then be placed into the model’s analysis to improve 

initialization. Patoux and Brown (2002) used QuikSCAT level 2B surface winds to 

apply the gradient wind correction to three selected cases. The cases were the Southern 

Pacific Ocean from 20-22 September 1999, Gulf of Alaska (14 cyclone cases), and 

Hurricane Floyd from 9-14 September 1999. The University of Washington Planetary 

Boundary Layer (UWPBL) model was used in their study. Patoux and Brown (2002) 

found that the time-dependent gradient wind correction may be important in hurricanes 

and fast-moving extratropical cyclones. The case of Hurricane Floyd had 

improvements of 21.1 hPa over the ECMWF and 36.3 hPa over the UWPBL without 

correction. 

 The National Aeronautics and Space Administration (NASA) Scatterometer 

(NSCAT) winds preceded the QuikSCAT winds in 1996. NSCAT data’s usefulness can 

be applied to QuikSCAT in a general sense (Atlas et al. 1999). Atlas et al. (1999) 

calculated collocation statistics against ships, buoys, Goddard Earth Observing System 

(GEOS) analysis, NCEP analysis, and Special Sensor Microwave/Imager SSM/I. Also, 

data impact experiments were conducted using the GEOS-1 model. The 3-D 
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multivariate OI scheme was used to assimilate the data. They found NSCAT to 

significantly improve NWP forecasts in the Southern Hemisphere, and slight 

improvements were occasionally obtained in data-sparse regions of the Northern 

Hemisphere. The asynoptic quality and use of scatterometer data was a key aspect of its 

utility. Leidner et al. (2003) concentrated on NSCAT’s observations of several TCs 

during its brief period. The ECMWF 4D-Var system was used on Typhoons Yates and 

Zane (1996) and Hurricane Lili (1996). There were several notable impacts of NSCAT 

on TCs: improved 2-5 d forecast tracks, a better analyzed thermodynamic structure and 

consistent and large increments for all model variables.  

The ultimate utility of scatterometer data for improving the initialization and 

prediction of TCs depends on how well the dynamic and physical processes that 

involve surface wind throughout the troposphere is understood and described in the 

initialization process using these surface winds. The secondary circulation, with 

upward motion in the eyewall and mesoscale motion within and near rainbands, is one 

mechanism that couples the surface winds with the upper-level winds. The driving 

force of the secondary circulation is the surface friction and condensational heating 

(Willoughby 1996).  Frictional convergence at the surface causes convection, which 

releases latent heat inside the updrafts.  The diabatic heating from the latent heat release 

causes pressure falls near the center of the hurricane, which further increases the 

convergence at the surface.  While this is the basic structure of the secondary 

circulation in mature hurricanes, the wind, thermal and convective structures in tropical 

storms (TS) and tropical depressions (TD) are not nearly as organized. An effort is 

needed to explore the potential applications of QuikSCAT surface winds to TC 

initialization, especially when maximum winds are weaker than Category 2 strength 

(<50 m s
-1

). 

The climatology of TC formation and movement is also important when studying 

the statistics of the QuikSCAT wind fields, because the areas of formation and the 

average speeds and directions of movement vary geographically and throughout the TC 

season. In the North Atlantic TC Basin, slightly more than half of TCs develop from 

easterly waves that come off the coast of West Africa (McBride 1995). Out of the 
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remaining storms, about one-third form within the intertropical convergence zone 

(ITCZ), another one-third form in the subtropics and midlatitudes, and the last 

one-third form from mesoscale convective complexes (MCC), stalled fronts, and 

cold-core transitioning systems (McBride 1995). 

Surface wind observations, such as those obtained by QuikSCAT, can be used 

indirectly in model initialization. For example, Park and Zou (2004) initialized 

hurricane vortices by bogusing a SLP field using NHC observed parameters. The 

parameters required by their scheme are the central SLP Pc, maximum sustained 1-min 

averaged surface winds Vmax, radius of maximum winds Rmax, and the maximum radius 

of the 34-kt wind speed R34kt within the storm’s circulation. Park and Zou (2004) found 

through linear regression that there is a statistically significant relationship between 

R34kt and the radius of the maximum radial gradient of SLP R0, making R34kt an 

important parameter to study. Since there are many cases in which there is complete 

coverage of TCs’ circulation by a QuikSCAT overpass, R34kt, Vmax, and Rmax, can be 

calculated using the QuikSCAT wind vectors. In this study, each TC wind field plotted 

with the QuikSCAT data was analyzed. The QuikSCAT-derived parameters are 

compared with those posted in the National Hurricane Center (NHC) advisories and the 

Extended Best Track Version 1.6 (DeMaria 2004). In addition to wind vectors, 

divergence and vorticity fields, which were calculated from the QuikSCAT wind 

vectors, were analyzed. 

 

2.2 Data and Methodology 

 

2.2.1  QuikSCAT Overview 

The QuikSCAT satellite, which was launched on 19 June 1999, orbits the earth 

sun-synchronously, with local sun time at ascending mode at approximately 6:00 a.m. 

The satellite orbit is 803 km above the equator, and has an inclination of 98.616°. The 

recurrent period is about 4 d, and the orbital period is 101 min.  

The measuring instrument onboard the QuikSCAT satellite is a scatterometer. The 

scatterometer transmits a microwave pulse and receives the back-scattered power from 
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the ocean’s surface. The wind stress over the oceans is in near equilibrium with 

centimeter-wavelength ripples on the ocean surface (Naderi et al. 1991). As a result, the 

small-scale ripples change with the speed and direction of wind. The modulation of the 

ripples cause changes in the radar back-scattered power, which in turn changes the 

back-scattered cross-section of the ocean. Several measurements at different incidence 

and azimuth angles, both collocated and nearly simultaneous, can be used to obtain the 

wind velocity through back-scattered power received by the satellite (Shirtliffe 1999). 

The normalized radar cross-section σ0 is obtained from the radar back-scattered power 

by inverting the radar equation: 
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where R is the slant range to the surface, Pt is the transmitted power, Ps is the sum of the 

received backscattered power from the surface Pr and power received from instrument 

noise Pn and other sources, g is the antenna gain, L is the known system losses, Aσ  is the 

area of the footprint made by the scatterometer, and λ is the wavelength of the 

transmitted radiation. Pr is the desired parameter; hence, Pn must be estimated and 

subtracted from Ps. 

 The relationship between the radar cross-section and the near-surface wind speed is 

known as the geophysical model function. This function can be written as 

),,,...,,(0 polfUf θχσ = , (2.2)

where |U| is the wind speed, χ is the azimuth angle between the incident radiation and 

the wind vector, θ is the incidence angle measured in the vertical plane, f is the 

frequency and pol is the polarization of the incident radiation (Naderi et al. 1991). The 

ellipsis represents other non-wind variables. Additional information on the QuikSCAT 

satellite and SeaWinds data can be found in Shirtliffe (1999). 

 Several nearly simultaneous measurements at different azimuth and incidence 

angles, as well as polarizations, must be obtained in order to get the wind direction from 

σ0. These multiple measurements usually result in multiple solutions to the wind 

direction. These solutions are referred to as directional ambiguities. Further data 

processing is required to select the true wind direction from the ambiguities. In the 
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presence of rain, the characteristics of the scatterometer signal are distorted because of 

the relationship between sea surface roughness, volume backscatter, and radar signal 

attenuation, which are necessary in order to solve for the wind direction (Weissman et 

al. 2002). As a result, wind directions in rain-contaminated wind vector cells (WVCs) 

are often cross-swath rather than the true direction. 

The spatial grid spacing of the QuikSCAT Level 3 data is equivalent to a 0.25° × 

0.25° grid (approximately 50 km resolution). The convention for the winds is 10 m 

above the surface, with approximately 8-10 min average. The minimum specifications 

for the mission are accuracies calibrated to have a root-mean-square error (RMSE) of 

about 2 m s
-1

 for winds of 3-20 m s
-1

 and 10% for winds of 20-30 m s
-1

(Shirtliffe 1999). 

No accuracy specifications for the mission exist for winds above 30 m s
-1

. The coverage 

is 90% of ice-free oceans daily. 

 There are three primary sources of processed QuikSCAT SeaWinds data. The first 

is (NOAA/NESDIS), which is near real-time data. The second source is the NASA 

Physcial Oceanography Distributed Active Archive Center (PO.DAAC) at the Jet 

Propulsion Laboratory (JPL). The third source is the Remote Sensing Systems (RSS) 

research company, which has a private contract with NASA, specializing in microwave 

sensor data processing and analysis. Unlike JPL, RSS reprocessed their entire 

QuikSCAT data set using the Ku-2001 geophysical model function. Ku-2001 is a 

definite improvement over previous geophysical model functions, particularly in regard 

to the wind directions of low speeds and the speed of high winds (Wentz et al. 2001). 

All statistics and regression calculations in this study were performed using the RSS 

dataset, unless stated otherwise. 

 Rainfall can greatly affect the accuracy of scatterometer wind measurements, even 

when rain rates are quite low (Weissman et al. 2002; Portabella and Stoffelen 2001; 

Hoffman et al. 2004). Light winds can be overestimated by the excess backscatter from 

the hydrometeors as they fall and because they roughen the sea surface. Also, strong 

winds can be underestimated by hydrometeors attenuating the signal. Overall, the 

amount of effects rainfall has is dependent both on the rain rate and wind speed 

(Weissman et al. 2002). Rain effects on wind measurements must be considered when 
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scatterometer data are applied to TC analyses, because of the strong correlation 

between heavy rains and strong winds that occur at the storm’s core. As a result of this 

correlation, the presence of rain greatly influences the amount of QuikSCAT data that is 

useful for TC analysis. 

 The JPL Level 3 (L3) dataset has a rain flag which is a combination of three Level 

2B (L2B) WVC-quality-flags. The three flags are the WVC-usability flag, rain flag, 

and available-data flag. All WVCs that were flagged as unusable by the WVC-usability 

flag were removed as a QC measure. 

 Another parameter available in the JPL dataset, which can be used to remove 

potential rain-contaminated data, is the probability of rainfall p for each WVC. The 

parameter p is determined via the Multi-Dimensional Histogram (MUDH) algorithm 

(Huddleston and Stiles 2000). The MUDH algorithm uses four out of six possible 

rain-sensitive parameters to determine p. The algorithm makes use of a “training set” of 

953 revolutions of the QuikSCAT satellite, which were used to accumulate two 

four-dimensional histograms. The first histogram is an accumulation of all WVCs for 

each of four out of six rain-sensitive parameters. Table 2.1 is a list of the six parameters 

used in the histograms. The parameters which are used at any given WVC are 

determined by whether there are data available from either the inner beam (707 km 

radius) or outer beam (900 km radius) or both the inner and outer beams of the 

scatterometer signal. The second histogram is the accumulation of WVCs which are 

considered rain-contaminated based on an SSM/I-derived integrated rain rate greater 

than 2.0 km·mm h
-1

. In essence, for each parameter, the combination of four different 

variables produce indirect information about rain rates, which can be used to derive p 

for each WVC. The probability p is expressed as the decimal representation of the 

percent chance that rain is falling within the WVC. These rain probabilities may be 

used to customize the amount of data to be flagged for rain contamination. Both the 

WVC-quality usability flag and the MUDH-derived rain flag at selected thresholds 

were used in this study to test how rain-contamination may potentially affect the 

QuikSCAT-derived hurricane parameters. 

 The MUDH rain flag is calibrated to flag 5% of the global data as rain 
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contaminated (Huddleston and Stiles 2000). There is a high false-alarm rate for 

two-beam cases and high missed rain percentage for single-beam cases. According to 

the product description of the MUDH Rain Flag, there is a false alarm rate percentage 

of 18% for dual-beam cases and 6.9% for single-beam cases for wind speeds between 

15-30 m s
-1

. For the same range in wind speeds, the missed rain percentage is 23% for 

two-beam and 42% for single-beam (Huddleston and Stiles 2000). This is the general 

wind speed range for the tropical cyclones in this study; hence, it gives a general idea of 

how much data are erroneous for the given MUDH rain flag criteria. 

 

 

 

 

Table 2.1.  Rain-sensitive parameters used in the MUDH rain-flagging algorithm (Adapted from 

Huddleston and Stiles 2000). 

Parameter 
Dual-Beam 

Case 

Single-Beam 

Case 

Normalized Beam Difference (NBD)   

Retrieved Wind Speed   

Retrieved Wind Direction Relative to Along Track   

Normalized Maximum Likelihood Estimator (MLE) Value   

H-Polarization Brightness Temperature   

V-Polarization Brightness Temperature   

 

 

 

 

 

2.2.2  Case Selection and Parameter Calculation 

The dataset was divided into four geographic regions (Figure 2.1): 1) the eastern 

Atlantic (EATL), 2) the western Caribbean and the Gulf of Mexico (WC-GULF), 3) the 

eastern Caribbean and western Atlantic (EC-WATL), and 4) the northwestern Atlantic 

(NWATL). These four regions were determined based on their different climatological 

characteristics relating to TCs. Easterly waves off the coast of Africa are the primary 

source of TCs that form in the EATL (McBride 1995); the EC-WATL is an area of 

fast-moving TCs (also, most of which formed from easterly waves); the WC-GULF has 

the most land influences on TC development, due to the large land masses in that region; 

and the NWATL is generally the region in which TCs have recurved toward the NE and 
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are more heavily influenced by midlatitude systems (Elsner and Kara 1999). The 

tropical cyclones that were used in this study are listed in Table 2.2. 

 Cases were chosen by visually analyzing the wind field at each available 

QuikSCAT overpass. One criterion for case selection is that at least 75% of the storm’s 

wind field must be covered by the swath made by the scatterometer. Limiting the cases 

to those with complete QuikSCAT coverage would greatly have reduced the number of 

cases. Each selected case was then matched with the nearest archived NHC advisory, 

which is usually one of four times: 0300, 0900, 1500, and 2100 UTC, throughout the 

life of the storm. Therefore, the maximum amount of time lag/lead between the 

QuikSCAT observations and the NHC advisories was three hours. For each case, the 

latitude and longitude of the storm center, the parameters Vmax, R34kt, pc, and the storm 

motion were extracted from each selected NHC advisory. Both linear and cubic-spline 

interpolations of TC center locations were investigated for a few cases in which there 

was a sharp change in direction in a short period of time. The differences between the 

cubic-spline and linear interpolations were on the order of a few kilometers. Since it 

was more convenient to use linear interpolation, all TC locations were linearly 

interpolated to the times of the QuikSCAT overpasses. The approximate locations of 

Vmax and R34kt were determined in relation to the edge of the swath. If there was a high 

likelihood that a 34-kt wind speed and/or the maximum wind speed of the TC could 

exist outside the area covered by the swath, the case was not included in the parameter 

statistics.  

 The variable Rmax, which was also calculated from the QuikSCAT data, was not 

available in the NHC advisories; therefore, Rmax was obtained from Version 1.6 of the 

Extended Best-Track (EBTRK) dataset. The Version 1.6 dataset only consisted of 

named storms through 2003; hence, Rmax statistics have fewer cases. EBTRK data were 

available for the hours of 0000, 0600, 1200, and 1800 UTC. EBTRK Vmax and R34kt 

were also available. Since the EBTRK dataset is derived from the NHC advisories, the 

results using these data are nearly identical to those using the NHC advisories, and 

therefore, results from these data are not presented in this paper. 
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Figure 2.1. The domains of the four regions used in this study. 
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Table 2.2. The tropical cyclones in this study by region. The number of cases for each storm is 

shown to the right of the storm name. 

EC-WATL  WC-GULF  EATL  NWATL  

Chantal (2001) 1 Barry (2001) 2 Alberto (2000) 4 Ana (2003) 5

Charley (2004) 2 Beryl (2000) 1 Cindy (1999) 8 Arthur (2002) 2

Chris (2000) 2 Bill (2003) 1 Danielle (2004) 1 Cristobal (2002) 2

Dean (2001) 1 Bonnie (2004) 3 Dolly (2002) 3 Danny (2003) 5

Debby (2000) 4 Bret (1999) 2 Erin (2001) 2 Dean (2001) 1

Dolly (2002) 5 Chantal (2001) 2 Fabian (2003) 2 Erin (2001) 2

Earl (2004) 2 Claudette (2003) 5 Felix (2001) 4 Florence (2000) 8

Emily (1999) 4 Erika (2003) 1 Floyd (1999) 1 Gabrielle (2001) 2

Erin (2001) 2 Fay (2002) 1 Frances (2004) 2 Hermine (2004) 2

Ernesto (2000) 1 Gabrielle (2001) 1 Gert (1999) 2 Humberto (2001) 3

Floyd (1999) 3 Gordon (2000) 3 Isaac (2000) 1 Karen (2001) 1

Iris (2001) 3 Grace (2003) 1 Isabel (2003) 1 Kyle (2002) 20

Isidore (2002) 2 Hanna (2002) 2 Ivan (2004) 3 Michael (2000) 3

Jeanne (2004) 2 Harvey (1999) 4 Joyce (2000) 4 Mindy (2003) 1

Jerry (2001) 2 Helene (2000) 3 Kate (2003) 4 Nicole (2004) 3

Jose (1999) 2 Henri (2003) 1 Karl (2004) 2 Olga (2001) 3

Joyce (2000) 3 Irene (1999) 1 Lisa (2004) 1 Otto (2004) 2

Lenny (1999) 1 Isidore (2002) 2 Nicholas (2003) 8  

Lili (2002) 3 Katrina (1999) 1 Peter (2003) 2  

Mindy (2003) 1 Keith (2000) 3     

Nicholas (2003) 4 Larry (2003) 2     

Odette (2003) 4 Michelle (2001) 2     

  Tropical Dep. 14 5     

Total 54 Total 49 Total 55 Total 65 

 

 

 

 

 The calculations of QuikSCAT Vmax, Rmax, and R34kt were performed based on the 

definitions officially given by the NHC. An algorithm took the maximum wind speed 

and calculated the radius from the interpolated location of the storm center. A 

maximum radius of 179 n mi or ~3° of latitude or longitude was the limit for the search 

for Vmax, unless the storm circulation was significantly smaller or larger than 179 n mi. 

In these cases, the maximum radius was determined by viewing overlays of the 

streamlines, vorticity, and SSM/I rain rates using all available QuikSCAT WVCs. There 

were several cases in which the outer radius was questionable due to large areas of 

rain-contamination, which corrupted the streamline and vorticity fields. The variable 

R34kt was calculated as the largest radius in which wind speeds of 34 kt were measured 

at the quadrants northeast (NE), southeast (SE), southwest (SW), and northwest (NW) 

of the storm center with the same radial limit used for Vmax. A large number of the cases 

had 34 kt winds in three or fewer quadrants; therefore, the maximum R34kt quadrant 
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( max

34ktR ) was used rather than a four-quadrant average R34kt in the following analyses. 

 

2.3  Hurricane Parameters Derived from QuikSCAT Surface Wind 

 

2.3.1  QuikSCAT Surface Wind Distributions in a Hurricane Environment 

As previously mentioned, there are two primary sources of gridded QuikSCAT 

data available, both of which were used in this study. The JPL Level 3 dataset provides 

a convenient parameter that can be used to control the amount of rain-flagged data, that 

is, MUDH rain probabilities. Therefore, these data were used to investigate the impact 

rain-flagged data removal has on the wind fields and the hurricane parameters. The 

removal of WVCs flagged as “unusable” is performed first, and then a priori MUDH 

algorithm rain probability thresholds were chosen for this study to determine the 

amount of additional WVCs to be removed. In this study, there were 11 MUDH rain 

probability thresholds used ranging from 0.5 to 1.0 at 0.05 increments. 

 Figure 2.2 shows six cases, which were specifically chosen to illustrate the great 

variability of the impact WVC removal has on QuikSCAT parameters for individual 

cases. In some cases, the QuikSCAT parameters are closest to those in the NHC 

advisories when data are removed at or above the threshold of 0.5, while in other cases 

QuikSCAT and NHC values are closest when no additional data are removed. As 

expected, QuikSCAT Vmax and max

34ktR tend to decrease as more data are removed. 

 For example, at 2300 UTC on 17 August 2001, TS Chantal’s (2001) QuikSCAT 

Vmax ( )max

34ktR is higher (smaller) than that which was estimated by NHC (Figure 2.2a). In 

contrast, TS Bill (2003) at 1100 UTC on 30 June 2003 had a lower (larger) Vmax ( )max

34ktR  

than was estimated by NHC (Figure 2.2c).  These examples illustrate that the optimal 

rain probability threshold is different for every case, as the amount of false alarms and 

missed rain-contaminated WVCs varies. In all cases, the removal of too much data will 

result in erroneous QuikSCAT parameter calculations. 
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Figure 2.2. QuikSCAT (solid) and NHC (dashed) Vmax (blue) and Maximum R34kt (red) under 

different MUDH rain flag probability thresholds for six selected hurricane cases: (a) Chantal at 

22:36 UTC 17 Aug 2001, (b) Debby at 0859 UTC on 21 Aug 2000, (c) Bill at 11:57 UTC on 30 Jun 

2003, (d) Joyce at 9:15 UTC on 29 Sep 2000, (e) Michael at 10:07 UTC on 17 Oct 2000, and (f) 

Cristobal at 22:33 UTC on 8 Aug 2002. The solid black line indicates the number of WVCs that 

were within a 179 n mi radius of the storm center at each threshold. 

*Figure 3c has no R34kt values for 0.5 and 0.55 thresholds because QuikSCAT Vmax is less than 34 kt 

at those thresholds. 

 

 

 

 

 

 

a) b) 

c) * d) 

e) f) 
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 The investigation into the bias averaged for each region and for all cases together 

may elucidate a general range of thresholds which appear to remove the optimal 

amount of rain-contaminated WVCs. The bias or mean difference and the mean percent 

bias for all parameters considered in this study are calculated using the following 

formulas: 
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where QuikSCAT

ix and NHC

ix  represent any one of three hurricane parameters considered in 

this study measured by QuikSCAT and NHC, respectively, and n is the number of cases 

in the given region. Also, the root-mean-square difference (RMSD), which is a 

measurement of the mean deviations between QuikSCAT and NHC, is calculated to 

provide information about the magnitudes of these deviations. The RMSD calculated 

particularly for this study can be written as: 
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Large values of bias and RMSD may not be due solely to rain-contamination; 

therefore not only is further investigation into the rain effects on wind speed needed, 

but also other potential causes of deviations between QuikSCAT-derived and 

NHC-obtained parameters. In Figures 2.3 and 2.4, it can be seen that the threshold with 

the minimum bias varies between the two parameters and the four regions of the TC 

basin. The smallest average Vmax ( )max

34ktR bias is obtained at the 0.95 (0.5) rain 

probability threshold. It is interesting to note that the removal of data with rain 

probabilities as low as 0.50 reduces the mean value of Rmax, even though generally, rain 
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contamination is expected to be near the storms’ center (not shown). The reduction of 

Rmax with the removal of data may be due to the disorganized nature of most of the TCs 

in this study, that is, considerable asymmetry of the wind field. 

The regional differences of how both max

34ktR and Vmax biases are affected by 

rain-flagged data removal are quite noticeable in the JPL dataset. The relative 

magnitudes of the mean Vmax bias among regions are the same between the 0.5 and 1.0 

threshold (Fig. 2.3).  In other words, at both the 0.5 and 1.0 threshold, the regional order 

of the largest to smallest magnitude of bias is the WC-GULF, the EC-WATL, the EATL, 

and the NWATL, even though the sign of the biases is reversed. The same is not true for 

the mean percent bias among the regions. The EC-WATL has the largest magnitude of 

percent bias at the 0.5 threshold, while the WC-GULF has the largest magnitude at the 

1.0 threshold. In Figure 2.4, the EATL (NWATL) shows strikingly larger (smaller) 

mean bias and mean percent bias than the other regions. Significant contributions to 

these regional differences in biases may include differences in the mean rain rates, the 

mean areal coverage of rain, and the ratio of convective and stratiform rain within TCs 

regionally. The low Vmax and max

34ktR biases in the NWATL may be considered through the 

mean climatology of storm size and intensity. Merrill (1984) discusses how systems 

grow in size as they decay or when undergoing extratropical transition (ET). Also, 

during ET stronger winds are observed on the south and east sides of the storm, and 

heavy rain on the north and west sides. This has been documented with a theoretical 

model (Klein et al. 2000) and observations (Atallah and Bosart 2003). Out of the four 

regions in this study, ET occurs almost exclusively in the NWATL, because of the 

higher latitude and the relative position of the subtropical high (Elsner and Kara 2000), 

and may have implications in the NWATL statistics. More investigation into the 

number of ET events could be beneficial in determining the cause of low Vmax and max

34ktR  

bias in the NWATL. 

 In order to examine the consistency between the calculations of the QuikSCAT 

Level-3-derived NHC parameters, the QuikSCAT wind fields were analyzed for each 

case, using data obtained from both JPL and RSS. Figure 2.5 shows overlaid wind  
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Figure 2.3. QuikSCAT-minus-NHC (a) Vmax (kt) bias and (b) percent bias vs. MUDH rain flag 

probability thresholds. 

 

 

 

b) 

a) 
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Figure 2.4. Same as Figure 2.3, except for
max

34ktR (n mi.). 

 

 

 

 

 

b) 

a) 
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fields from both the RSS and JPL datasets for TS Debby at 0859 UTC on 21 August 

2000, TS Cristobal at 2233 UTC on 8 August 2002, and TS Joyce at 0915 UTC on 29 

September 2000. RSS and JPL processing of the raw data result in different selected 

directional ambiguities in WVCs where there is possible rain contamination. For 

example, southeast of the center of Debby (Fig. 2.5a), JPL winds are out of the 

northeast, while RSS continued southerly winds northward to the storm’s center. These 

northeasterly winds in the JPL data are a result of the cross-swath direction that often 

occurs when strong rain contaminates the signal. RSS employs additional processing to 

correct most of these errors. Huge wind direction errors are present in Cristobal (Fig 

2.5b). The error in the JPL winds (red vectors in Figure 2.5) is readily apparent north of 

the storm’s center, that is, the winds are out of the opposite direction. The light wind 

speeds in this area of the storm and the rain rates are sources of this error. Because of 

rain contamination, the JPL wind field has no westerly surfaces winds on the south side 

of TS Joyce (Fig. 2.5c). However, the RSS field has more realistic wind directions in 

these rain-contaminated areas. 

 In some cases, significant differences in the R34kt exist between JPL and RSS. The 

NHC R34kt quadrants are overlaid with QuikSCAT wind speeds greater than or equal to 

34 kt in Figure 2.6 for the same cases as in Figure 2.5. TS Debby (Fig. 2.2b and 2.6a) is 

a case in which QuikSCAT R34kt in all quadrants except SW are larger than NHC R34kt. 

Overall, both RSS and JPL winds in Figure 2.6a are generally of the same magnitude. 

The winds in Figure 2.6b that were 34 kt or greater out to the east of the system may be 

a result of rain contamination. An analysis of the streamlines revealed that those winds 

were not in the circulation of Cristobal. Therefore, the maximum radius of the search 

for R34kt was reduced to 120 n mi from 179 n mi to the east of the storm center. The 120 

n mi outer radius prevents those rain-contaminated winds from entering the R34kt search 

algorithm, and produces an max

34ktR , which is close to the NHC max

34ktR . TS Joyce (Fig. 2.2d 

and 2.6c) contrasts both Debby and Cristobal by having a QuikSCAT max

34ktR  that is much 

smaller than NHC max

34ktR . This case, in which QuikSCAT max

34ktR  is smaller than NHC  
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Figure 2.5. Wind field distributions from QuikSCAT overpasses of Tropical Storms (a) Debby at 

0859 UTC on 21 August 2000, (b) Cristobal at 2233 UTC on 8 August 2002, and (c) Joyce at 0915 

UTC on 29 September 2000. The Remote Sensing Systems (RSS) wind barbs are in black and the 

Jet Propulsion Laboratory Physical Oceanography Distributed Active Archive Center (JPL 

PO.DAAC) wind barbs are in red. 

b) 

a) 
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Figure 2.5-continued.  

 

 

 

 

max

34ktR , was found to be an exception in this study. 

 The largest difference between the RSS and the JPL wind vectors is the direction of 

winds within areas of heavy rain. As mentioned previously, RSS reprocessed the entire 

QuikSCAT dataset using an updated geophysical model function (Ku-2001) (Wentz et 

al. 2001). This allowed uncontaminated data near areas of rain contamination to be used 

to “correct” the wind directions in these difficult areas. The results of this correction are 

highlighted in the vorticity and divergence fields derived from these reprocessed winds. 

The same case of TS Debby presented in Figures 2.5-2.6 is used to illustrate these 

differences in Figure 2.7. The locations of the vorticity maximum and divergence 

minimum calculated using the RSS data (Fig. 2.7a-b) are reasonably close to the storm 

center. The JPL-derived vorticity maximum and divergence minimum (Fig. 2.7c-d), in 

contrast, are long bands to the south and southwest of the TC center. The 

rain-contaminated winds in this area of the storm have direction errors of about 90°. 

c) 
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Figure 2.6. Wind speeds greater than or equal to 34 kt for the same three cases as in Figure 2.5. 

Black (red) wind barbs are from RSS (JPL PO.DAAC).The blue radii (solid lines) indicate the NHC 

R34kt quadrants for the advisories closest to the respective QuikSCAT overpass times. The blue 

dashed circle (or quadrants) is the maximum radial extent of the algorithm’s search (~180 n mi.) for 

Vmax and R34kt. In (b) the circulation was quite asymmetric, resulting in different maximum radii 

(120 n mi east of the system, and 180 n mi. on the west side). 

b) 

a) 
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Figure 2.6-continued. 

 

 

 

 

This results in a sharp gradient of wind direction at the edge of rainfall, which causes 

high vorticity values (Fig. 2.7c) and low divergence values (Fig. 2.7d) along this 

gradient.  

 In addition to the differences in wind direction between the datasets within 

rain-contaminated areas, there are differences in the areas flagged as having rainfall 

present. The differences in rain flags are important when considering removal of the 

data, which depends on the application of the data. RSS determines rainfall in WVCs 

by overlaying one or more of four available radiometer rain rates using three Special 

Sensor Microwave Imager (SSM/I) satellites (F13, F14, and F15) and the Tropical 

Rainfall Measuring Mission (TRMM) Microwave Imager (TMI) measured within a 

certain time of the QuikSCAT overpass. JPL uses the MUDH algorithm to calculate 

rain probability for each WVC, and then additional data may be flagged where rain 

c) 
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Figure 2.7. RSS (a) relative vorticity and (b) divergence fields and JPL (c) vorticity and (d) 

divergence fields for TS Debby at 0859 UTC on 21 August 2000 using the wind barbs in Figure 2.5. 

All units are in 1x10
-4

 s
-1

. 

 

b) 

a) 
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Figure 2.7-continued.  

 

 

 

c) 

d) 
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probabilities are greater than a predetermined threshold. The JPL data that had rain 

probabilities greater than the MUDH rain probability thresholds of 0.9, 0.7, and 0.5 are 

illustrated using the previously introduced cases of TSs Debby and Cristobal, and are 

shown in Figures 2.8a-c and 2.9a-c, respectively. In both cases, there are more 

rain-flagged RSS data than JPL rain-flagged data at any of these thresholds. 

 In Fig. 2.8d, the MUDH threshold of 0.22 was found to flag nearly the same 

amount of data as the RSS rain flag  within a 33 × 33 domain (0.25° resolution) centered 

on the storm center (217 and 219 WVCs, respectively). The MUDH algorithm appears 

to flag spurious locations, while the rain flag in the RSS dataset flags a region along the 

edge of the swath to the southeast of the storm center. For the same domain size in the 

case of TS Cristobal at 2233 UTC on 8 August 2002 in Figure 2.9d, the MUDH 

threshold had to be reduced to 0.05 in order to remove a relatively similar amount of 

data as RSS (352 JPL WVCs versus 372 RSS WVCs). At this low threshold value, the 

MUDH algorithm flags data almost evenly distributed across the domain. Therefore, an 

RSS rain flag that may be more conveniently customized to remove various amounts of 

data is needed because the rain flag currently provided tends to flag too much data for 

the purposes of this study. 

 Both the JPL and RSS rain-flagged data in TS Debby (Figure 2.8) appear to be 

offset from the areas of heavy rain indicated by the SSM/I rain rates. The most likely 

reason for the offset is the 35-min time lag between the SSM/I and QuikSCAT overpass. 

TS Cristobal, which had only a 9-min time lag between SSM/I and QuikSCAT 

overpasses, has less of an offset (Fig. 2.9). Both cases illustrate that the amount of 

removed rain-contaminated JPL data is not optimal at any of these thresholds with 

respect to the SSM/I rain rate distribution. Also, many more WVCs are flagged by the 

RSS rain flag than are indicated as having rain present by the SSM/I measurements.  

 

2.3.2  Comparing NHC Parameters with those Derived from QuikSCAT Surface 

Wind 

 Elsner and Kara (2001) gave an exhaustive description and climatology of TCs of 

the North Atlantic (NATL). A valuable part of their work for this study is the regional 
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Figure 2.8. RSS wind barbs (black) and JPL PO.DAAC wind barbs (red) of TS Debby at 0900 UTC 

on 21 August 2000 flagged as rain-contaminated based on MUDH rain probability thresholds of (a) 

0.9, (b) 0.7, (c) 0.5 and (d) 0.22 for the JPL wind barbs only. The barbs are overlaid on rain rates 

(mm h
-1

) obtained by the SSM/I measurements at 0824 UTC on 21 August 2000. 

b) 

a) 
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Figure 2.8-continued.

c) 

d) 
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Figure 2.9. RSS wind barbs (black) and JPL PO.DAAC wind barbs (red) of TS Cristobal at 2233 

UTC on 8 August 2002 flagged as rain-contaminated based on MUDH rain probability thresholds of 

(a) 0.9, (b) 0.7, (c) 0.5 and (d) 0.05 for the JPL wind barbs only. The barbs are overlaid on rain rates 

(mm h
-1

) obtained by the SSM/I measurements at 2242 UTC on 8 August 2002. 

a) 

b) 
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Figure 2.9-continued. 

 

 

 

 

c) 

d) 
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climatology of storm motion, location of storm origin and decay. Climatological 

regions of storm origins and decay are pertinent to this study because the NHC 

parameters are significantly dependent on the storm’s stage of development and the 

storm’s location (Merrill 1984). TCs that form from easterly waves and recurve in the 

NWATL generally begin with small radii and weak winds and then gradually intensify 

(e.g., Vmax increases), strengthen (e.g., Rmax and/or R34kt increases, while Vmax remains 

nearly constant), and grow in size (e.g., Rout increases), in that order (Merrill 1984). 

Climatological regions of origin and decay also vary significantly throughout the TC 

season, or 1 June through 30 November (Neumann et al. 1999; Elsner and Kara 1999). 

The regional climatology of TC development and decay is considered most in this 

study. 

 The means and standard deviations of Vmax, Rmax, and max

34ktR using both NHC and 

QuikSCAT data are listed in Table 2.3. As expected, the NWATL has the largest mean 

NHC max

34ktR , by far. Overall, the mean and standard deviations of QuikSCAT max

34ktR are 

larger than those of NHC max

34ktR . In contrast, the QuikSCAT Vmax mean and standard 

deviation in all regions compare quite well with those of NHC Vmax. The regional nature 

of means and standard deviations of Rmax was analyzed using EBTRK data. 

Interestingly, the WC-GULF region has the largest mean NHC Rmax, that is, 2.5 n mi 

larger than the mean in the NWATL. As the case of max

34ktR standard deviations, the 

standard deviations of QuikSCAT-derived Rmax are much larger than those of EBTRK 

Rmax. 

 There is a considerable bias between QuikSCAT and NHC in all three parameters, 

as indicated in the large mean differences in Table 2.3. Weissman et al. (2002) found 

that when compared to a 4.6 m s
-1 

wind buoy observation, QuikSCAT severely 

overestimated wind speeds in rain rates exceeding 1 mm h
-1

. As winds increase in speed, 

the bias gradually shifts to an underestimation by QuikSCAT. The removal of 

rain-contaminated data does not greatly change the relationship between Vmax and wind 
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Table 2.3. Sample means, standard deviations, mean differences, and RMSD of QuikSCAT (QS) 

and NHC
max

34ktR , Vmax, and Rmax. 

 Mean Standard Deviation 
max

34ktR  (n mi) QS  NHC QS  NHC 

Mean 

Diff. 
RMSD 

EC-WATL 122.86 87.50 57.41 36.49 35.36 54.54 

WC-GULF 132.81 92.97 55.82 37.64 39.84 55.21 

EATL 128.17 80.41 50.91 27.79 47.76 53.95 

NWATL 133.56 114.67 67.73 54.55 18.90 59.24 

All Cases 129.50 95.07 59.07 43.45 34.43 57.08 

   

Vmax (kt)   

EC-WATL 43.71 42.41 10.95 11.74 1.30 9.24 

WC-GULF 48.73 42.24 13.99 11.48 6.49 12.10 

EATL 48.65 45.45 9.99 15.41 3.19 13.83 

NWATL 49.26 44.54 16.58 12.97 4.72 11.36 

All Cases 47.65 43.77 13.48 13.08 3.88 11.87 

   

Rmax (n mi)   

EC-WATL 76.18 37.77 46.07 22.57 38.41 53.03 

WC-GULF 87.73 47.32 51.39 29.98 40.41 43.81 

EATL 68.21 33.48 42.05 13.26 34.73 37.62 

NWATL 67.77 44.83 36.83 25.43 22.94 39.65 

All Cases 74.65 40.93 43.98 24.16 33.72 43.91 

 

 

 

 

speed. The average Vmax bias at the 0.7 threshold for all cases in which NHC Vmax equals 

25 kt (30 kt) is 11 kt (4 kt) (Fig. 2.10). These biases show that a large number of cases in 

which NHC Vmax is TD-force coincide with cases in which QuikSCAT Vmax is TS-force.  

The lowest Vmax bias is associated with an NHC Vmax of 40 kt (20.6 m s
-1

), where strong 

rain and winds have similar backscatter signals. For NHC Vmax values greater than 45 kt, 

the biases are negative and progressively of larger magnitude as NHC Vmax increases. 

Removing rain-contaminated winds that are greater than about 40 kt actually increases 

Vmax bias because maximum wind speeds are already underestimated by QuikSCAT. A 

trend in the max

34ktR  bias with respect to NHC max

34ktR  is apparent in Fig. 2.11. QuikSCAT 

tends to observe larger (smaller) 34-kt wind radii than those estimated by NHC for 

smaller (larger) systems. Adjustments in both the rain-flagged data removal and 

outermost max

34ktR  search radii may be needed to reduce these biases. The Vmax and max

34ktR  
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Figure 2.10. QuikSCAT-minus-NHC Vmax bias (kt) averaged for all cases in 5-kt bins of NHC Vmax 

using three MUDH rain flag probability thresholds: 0.7, 0.9, and 1.0. 

 

 

 

 

 

Figure 2.11. QuikSCAT-minus-NHC maximum R34kt bias (n mi) averaged for all cases in NHC 

maximum R34kt bins of slightly varying sizes. These averages were calculated using three MUDH 

rain flag probability thresholds: 0.7, 0.9, and 1.0. 
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biases can not be concluded, however, because they may be artifacts due to the large 

amount of random error in both QuickSCAT-derived and NHC-obtained parameters 

relative to their dynamic ranges (Stoffelen 1998). Before these biases can be validated, 

further investigation is needed. 

2.3.3  Correlations between NHC and QuikSCAT 

Three sets of four scatter plots, one for each region, are shown for max

34ktR (Fig. 2.12), Vmax 

(Fig. 2.13), and Rmax (Fig. 2.14). There are low correlations of max

34ktR  because of the 

large amount of questionable storm sizes (determined by a combination of positive 

relative vorticity and streamline analyses). The red points in these scatter plots 

represent these cases. It can be noted that the questionable cases cause the most 

problems for the EATL, with several very large QuikSCAT Rmax and max

34ktR  values 

coinciding with small NHC Rmax and max

34ktR values. The data in these plots were used in 

the linear regression analyses, calculated using the associated equations of which are 

provided in the appendix. For clarification, the dependent variables in all the scatter 

plots are QuikSCAT-derived and the independent variables are NHC-derived. Overall, 

correlations between QuikSCAT and the comparison data (NHC or EBTRK) were low, 

although many were statistically significant. These low correlations are not unexpected 

since the NHC utilizes many other sources of observations in addition to QuikSCAT in 

their advisories. In addition, no QuikSCAT climatology has been developed in order for 

the NHC forecasters to apply systematic and objective QuikSCAT wind vectors for 

analysis of TC size and intensity. The NHC parameters are estimated subjectively by 

the NHC forecasters based on a combination of persistence and newly available 

information (Hennon and Franklin, personal communication). These factors add to the 

differences between the QuikSCAT-derived and NHC parameters. In spite of these 

factors, certain statistical quantities can help assess the ability for applying QuikSCAT 

surface winds to TC initialization and prediction. 

 A list of the resulting regression parameters, which are the regression 

coefficient b1, regression constant b0, Pearson’s correlation coefficient ρ, and the  
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Figure 2.12. Scatter plots of QuikSCAT and NHC R34kt (n mi) for the four regions. The correlation 

coefficient r (based on all data), which includes both clear and red points, is placed below the region 

acronym in each figure. The clear points represent cases in which the size of the storm’s outer 

circulation is quite confident. The solid red points are the cases in which the size of the storm’s outer 

circulation is questionable due to rain contamination and/or ambiguous streamlines. The percentage 

of questionable cases in each region is also displayed in the plots. 

 

 

 

 

coefficient of determination R
2
, are all shown in Table 2.4. The two main points of 

interest in the max

34ktR regression are the relatively high, statistically significant correlation 

in the NWATL and the rather low correlation in the EATL. A similar trend in 

correlations among the four regions is apparent in the Vmax regression, except that the 

correlations are considerably higher and all are statistically significant at the 0.01 

confidence level. The Rmax regression analysis revealed statistically significant 

correlations between QuikSCAT and EBTRK in both the WC-GULF and the EATL. 

Overall, Vmax has the most apparent linear relationship between NHC and QuikSCAT,  
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Figure 2.13. Same as Figure 2.12, except for Vmax (kt). 

 

 

 

 

max

34ktR has the next most apparent linear relationship, and Rmax has the least. Through 

improved TC size determination and optimal rain-contaminated data removal, 

max

34ktR correlations have the most potential for improvement. 

 The low Vmax and max

34ktR correlations in the EATL are unexpected because 

QuikSCAT passes over this region 1 to 2 h before NHC posts its regular advisories. 

Hence, it is hypothesized that QuikSCAT overpasses are used more frequently by NHC 

forecasters in analyzing wind radii in this region. Also, QuikSCAT observations are 

expected to carry more weight in the analysis of Vmax and R34kt in the EATL, since no 

reconnaissance flights are embarked upon in this region of the Atlantic. An 

investigation into the NHC discussions for storms in the EATL revealed that the 

number of QuikSCAT observations utilized in adjusting the maximum winds and/or the  



 42

 

Figure 2.14. Same as Figure 2.12, except for Rmax (n mi). 

 

 

 

 

wind radii was about the same as NWATL (~30 %), while in the EC-WATL and 

WC-GULF, QuikSCAT is used much less frequently (~18.5% and ~6%, respectively). 

With no reconnaissance information available, QuikSCAT is used about 30-50% of the 

time by NHC forecasters in the adjustment of Vmax or wind radii (Franklin, personal 

communication). Also, despite the favorable time of QuikSCAT overpasses in the 

EATL, only 30-50% of the advisories utilized QuikSCAT observations in wind radii 

estimations (Franklin, personal communication). 

 There exist higher correlations between QuikSCAT and NHC max

34ktR  in the NWATL. 

The high correlations may be explained by the climatology of TC structure and 

movement in this region, because the NWATL is less similar to the other three regions 

in this study. TCs in the NWATL are less convective than in the other regions (mostly  
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Table 2.4.  Linear least-squares regression coefficient b1, constant b0, coefficient of determination R
2
, 

and correlation coefficients ρ for
max

34ktR (upper part), Vmax, (middle part) and Rmax (lower part). 

Correlations in italics (bold-face) are significant at the 0.05 (0.01) probability confidence level for 

the degrees of freedom n in the sixth column. 

max

34ktR (n mi) 1b  0b  2R  ρ  n 

EC-WATL 0.621 68.539 0.156 0.395 36

WC-GULF* 0.524 84.111 0.125 0.353 32

EATL 0.293 104.579 0.026 0.160 37

NWATL** 0.681 55.468 0.301 0.549 45

All Cases** 0.561 76.132 0.171 0.413 150

  

Vmax (kt) 1b  0b  2R  ρ  n 

EC-WATL 0.625 17.205 0.449 0.670 54

WC-GULF 0.687 19.704 0.318 0.564 49

EATL 0.308 34.663 0.225 0.475 55

NWATL 0.934 7.678 0.533 0.730 65

All Cases 0.620 20.528 0.361 0.601 223

  

Rmax (n mi) 1b  0b  2R  ρ  n 

EC-WATL -0.177 82.853 0.008 -0.087 47

WC-GULF 0.902 45.069 0.277 0.526 41

EATL 1.504 17.876 0.225 0.474 46

NWATL 0.333 52.840 0.053 0.230 59

All Cases 0.505 53.981 0.077 0.277 193

 

*
max

34ktR values greater than 180 n mi were not used in these computations because their leverage in 

the correlations was too high. 

**Two cases in which
max

34ktR was greater than 300 n mi were not used in these computations because 

their leverage in the correlations was too high. 
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Table 2.5. Sample means, standard deviations, mean differences and RMSD of R34kt quadrants (n 

mi). The numbers in parentheses to the left of the mean values indicate the order of R34kt size from 

largest to smallest for each region and dataset.  

 Mean Standard 

Deviation 

EC-WATL QS NHC QS NHC

Mean 

Diff. 

RMSD 

NE (1) 113.78 (1) 92.14 60.91 37.12 21.64 53.32 

SE (2) 112.04 (3) 65.65 62.22 26.96 46.39 59.27 

SW (4) 50.63 (4) 48.89 34.26 21.57 1.74 33.18 

NW (3) 68.60 (2) 84.25 32.44 30.01 -15.65 39.58 

     

WC-GULF     

NE (2) 117.67 (1) 90.37 54.63 36.18 27.30 48.91 

SE (1) 127.01 (2) 89.40 66.52 42.76 37.61 58.21 

SW (3) 94.70 (4) 56.25 57.25 35.01 38.46 44.76 

NW (4) 68.24 (3) 77.14 38.55 35.94 -8.90 41.81 

     

EATL     

NE (1) 106.49 (1) 85.60 57.55 29.94 20.89 52.82 

SE (2) 102.22 (2) 74.79 49.98 22.48 27.43 47.46 

SW (3) 101.86 (4) 62.00 43.02 22.88 39.86 48.47 

NW (4) 83.67 (3) 68.20 36.36 21.95 15.47 41.05 

     

NWATL     

NE (2) 125.78 (2) 106.22 72.43 55.37 19.56 68.65 

SE (1) 127.88 (1) 113.25 79.59 54.32 14.63 74.26 

SW (4) 82.60 (4) 93.52 61.27 45.90 -10.92 42.52 

NW (3) 103.47 (3) 101.74 86.39 52.72 1.74 61.04 

     

All Cases     

NE (1) 118.94 (1) 97.18 64.55 46.54 21.76 57.30 

SE (2) 118.93 (2) 89.91 68.50 45.65 29.02 63.90 

SW (3) 88.39 (4) 73.99 57.60 43.69 14.41 49.41 

NW (4) 82.91 (3) 83.05 56.68 39.22 -0.13 48.85 

 

 

 

 

because of the weaker convection in higher latitudes). Hence, rain effects on the 

QuikSCAT winds are less severe than at lower latitudes (Hennon, personal 

communication). Secondly, several of the cases in this study were long-lived, 

slow-moving, and more stable (slower morphing and steering environment), which 

may help make the sample correlate better. As previously mentioned, the NHC 

forecasters use QuikSCAT surface wind observations in real-time in adjusting their 

advisory Vmax and R34kt values about 30% of the time in both the EATL and NWATL. 

Therefore, it is likely that the differences in correlations between the EATL and 
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NWATL are not due to the differences in the amount of use of QuikSCAT by the NHC. 

 In addition to max

34ktR , each R34kt quadrant was investigated individually. The means 

and standard deviations of both NHC and QuikSCAT R34kt for each quadrant are listed 

in Table 2.5. The order of R34kt quadrant radial size from largest to smallest is consistent 

between QuikSCAT and NHC only in the NWATL and the mean differences for all R34kt 

quadrants, except for R34ktSW in the NWATL, are the smallest among the four regions. 

However, the NWATL has the largest RMSD in all four R34kt quadrants, except for 

R34ktSW. Overall, both R34ktNE and R34ktSE have the largest biases, with QuikSCAT R34kt 

averaging approximately 25 n mi greater than NHC R34kt. The variable of R34ktNW has a 

slightly negative bias, overall. The only explanation for this negative bias at this time is 

that the northwestern quadrant of the storm is the storm-relative right front quadrant for 

a majority of the cases because of the large number of cases in which the storm bearing 

was to the west (255°-285°) in this study. This may have resulted in a large number of 

cases in which convection was most prevalent in this quadrant. Figure 2.15 shows the 

frequency of storm bearings for each region and all the cases as a whole. The large 

number of westward-moving systems is quite evident. However, the NWATL has an 

R34ktNW bias of 1.74 n mi, yet has the smallest number of westward-moving systems, 

while the EATL has an R34ktNW bias of 15.86 n mi, yet has the largest number of 

westward-moving systems. The consistency of the order of quadrant size between the 

QuikSCAT and NHC data is lower than anticipated, overall. The NWATL, with a 

significant number of eastward-propagating systems, has an R34ktSW bias of -10.92 n mi, 

which may also be due to a high prevalence of convection in this quadrant. Rain 

contamination may play a larger role in the QuikSCAT R34kt values than originally 

expected.  

 

2.4  Summary and Conclusions 

 

 The QuikSCAT Level 3 surface wind fields were analyzed for 230 cases in the 

North Atlantic TC basin for the years 1999-2004. These data were obtained from two  
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Figure 2.15. Histogram of storm bearing (0 or 360 degrees is true north) taken from the NHC 

advisories. 

 

 

 

 

different agencies, RSS and JPL, and were compared with each other to sort out any 

inconsistencies. There was found two major differences between wind fields plotted 

from JPL and RSS. These differences were rain contamination WVC quality flags and 

directional ambiguity selections. Neither of these issues caused major problems with 

the calculation of NHC parameters; however, relative vorticity and divergence fields 

varied considerably. 

 The NHC parameters R34kt at four quadrants, Vmax, and Rmax were 

computedobjectively using the NHC’s definition of these parameters. The bias, RMSD, 

and correlation of these calculated parameters were compared with those in NHC and 

EBTRK. Overall both R34kt and Rmax have a severe positive bias and large RMSD, while 

Vmax bias and RMSD was relatively small. The mean Vmax bias may be relatively small; 

however, large positive biases in light winds and large negative biases in strong winds 

tend to cancel each other out. Removal of rain-contaminated winds results in a 
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considerable negative Vmax bias, but reduces the positive R34kt and Rmax biases. Also, a 

more convenient method of determining an outer limit of storm circulation or 

environments for radii computations needs to be developed in order to improve the 

usefulness of QuikSCAT-derived R34kt and Rmax parameters. 

 NHC and QuikSCAT Vmax were most correlated, while both correlations between 

NHC and QuikSCAT max

34ktR  and NHC and QuikSCAT Rmax were significantly correlated 

only in certain regions. The smaller biases and RMSD, as well as, significantly high 

correlations between QuikSCAT and NHC for all three parameters in the NWATL seem 

to indicate that rain contamination problems are less severe in the middle latitudes. This 

may be due to lower convective rain rates within TCs at higher latitudes. 

 QuikSCAT has great potential in application to TC analysis and prediction because 

of the higher resolution of the surface winds, which provide many times more data than 

the conventional instruments on ships and buoys. Overall, the wind vectors are quite 

accurate, with only a few issues which need to be addressed. The major issue is the 

method of rain-contaminated WVC removal. The MUDH algorithm is the most 

widely-used method to obtain the probability of rain existing in a given WVC. However, 

there are many limitations to the MUDH algorithm. A major limitation is the amount of 

good data that is removed when rain-contaminated data are removed (high false-alarm 

rates). Also, if the threshold is not low enough, rain-contaminated WVCs will be 

retained in the wind field, which may contribute to large errors. 

 Despite large amounts of data that are unused in TCs due to rain contamination, 

there are still much more wind observations obtained by scatterometers than with any 

other data source. Surface wind observations obtained from QuikSCAT data with the 

addition of observations above the surface from other data, such as dropsondes, Total 

Ozone Mapping Spectrometer (TOMS) ozone, Global Positioning System (GPS) radio 

occultations, and other satellite sensors, can be used to greatly improve TC 

initialization and prediction. 
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CHAPTER 3 

GLOBAL POSITIONING SYSTEM RADIO OCCULTATIONS IN 

TROPICAL CYCLONE ENVIRONMENTS 

 

 

 

 

3.1 Introduction 

 

 Despite the advances in satellite-based remote sensing of the atmosphere, there is 

still a lack of high vertical resolution data over the oceans and polar regions in the upper 

atmosphere, which contribute to the uncertainties of numerical weather prediction 

(NWP) models and reduce their skill (Anthes et al. 2000). As a result, vertical profiles 

of TCs, where air force reconnaissance flights do not launch dropsondes, are not often 

observed by the present observation network. Application of the Radio Occultation 

(RO) technique via the Global Positioning System (GPS) will add enormous amounts 

of accurate, high vertical resolution data over the globe and, in turn, provide vertical 

profiles of TCs. These GPS RO observations will contribute to improved NWP skill if 

they are properly incorporated into the models. 

 GPS was first developed in the 1940s by the U.S. Department of Defense as a 

satellite-based system for navigational and positioning purposes (Meyers et al).  The 

necessity for the system grew out of the “space race” between the U.S. and the Soviet 

Union in the 1950s.  The system continued to develop and by the end of the 1960s, the 

U.S. Air Force had developed the system to be able to track the position of a vehicle 

moving on land (Meyers et al).  Applications of a GPS for other planets started in the 

1960s for geodesic and atmospheric purposes.  The first application was for NASA’s 

Mariner 3 and 4 missions to Mars (Yunck et al. 2000).  The RO technique, which will be 

described in the next section, was used to measure charged particles in the atmosphere 

and also the surface properties on Mars.  In the 1950s, the Jet Propulsion Laboratory 

(JPL) developed a two-way coherent tracking system for spacecraft navigation to the 
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moon. 

 The RO method of observing atmospheric conditions has been used to study nearly 

every planet in the solar system and many of their moons (Yunck et al. 2000).  Ironically, 

the Earth’s atmosphere was one of the last in the solar system in which RO was applied.  

This was due to the relative high cost of implementing the system in comparison to 

level of interest.  Also, the technology had not developed to the degree in which RO 

could significantly enhance the observation network.  This would have involved adding 

more satellite receivers, which was at the time too expensive (Yunck et al. 2000). 

 As the first step toward assimilating GPS RO into a hurricane model, it is necessary 

to compare GPS RO data with large-scale analysis. Therefore, before GPS RO 

observations in TC environments are discussed fully, model-derived and observed GPS 

RO data will be compared globally. Then, similar comparisons will be investigated for 

GPS RO observations within TC environments. These comparisons specifically focus 

on the variables bending angle α and refractivity N by examining their biases, outliers, 

and RMSD. There are also comparisons between different categories, such as various 

cloud type conditions, latitude, and land/ocean delineation.  Finally, the diurnal cycle of 

occultations are analyzed and discussed. Results from comparisons like these will 

provide useful input to GPS RO data QC procedures and GPS data assimilation in the 

future, and will give insight into how these observations might influence global 

analysis and prediction. 

 The GPS RO portion of this study is presented in the following sections. A brief 

description of the data used in the analyses, as well as the methodology, is presented in 

Section 3.2. Global GPS RO observations are presented and discussed in Section 3.3. 

GPS RO observations in tropical cyclone environments are discussed in Section 3.4. 

Section 3.5 presents comparisons of GPS RO observations with nearby dropsonde 

soundings. The summary of results and conclusions are given in Section 3.6. 
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3.2 Data and Methodology 

 

3.2.1 Brief Overview of GPS Radio Occultation Technique 

 There are 24 GPS satellites in six orbital planes, 21 of which are in operation at any 

given time. The GPS satellite transmits continuous radio signals (at frequencies of 

1575.42 MHz and 1227.6 MHz), which are intercepted by a receiver on a Low-Earth 

Orbiting (LEO) satellite. On a given day, a receiver on a LEO satellite could observe 

over 500 occultations (Kursinski et al. 1997). In limb-scanning mode, an occultation 

occurs when two satellites have just set below the limb of the earth or are about to rise 

above the limb of the earth, relative to each other (Figure 3.1a). Due to the refracting  

 

 

 

 

 

Figure 3.1. Schematic diagrams of (a) GPS radio occultation geometry (adapted from Ao et al. 2003) 

and (b) refraction based on Snell’s Law (adapted from Weisstein 2005). The purple curve is the 

radio signal ray which is received by the low-earth orbiting (LEO) satellite. The tangent point is the 

altitude of the occultation r, α is the bending angle, and a is the impact parameter---the earth’s 

radius plus the altitude of the ray where bending first and last occurs at the outer-edge of the 

atmosphere. 

 

a) 

b) 
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gradient in the vertical, the signal ray is bent or refracted and slowed slightly as it 

traverses from transmitter to receiver.  There is a time delay in the reception of the 

signal because of the bending and slowing, which causes a Doppler shift in the 

frequency of the signal.  This delay of the signal is the “raw” GPS RO data. 

 The vertical gradients of refractive index n are due to refraction’s dependence on 

air density ρ, meaning the path a GPS signal ray takes through the atmosphere is locally 

dependent on Snell’s Law. Snell’s Law relates a radiation beam’s angle of incidence to 

the refraction of the beam as a result of a density gradient and can be expressed in 

mathematical form by: 

)sin()sin( 2211 θθ nn = , (3.1)

where n1 and n2 are indices of refraction for two layers of different densities and θ1 and 

θ2 are the angles of incidence for light or other electromagnetic signal from the plane 

normal to the boundary between the two layers (Fig. 3.1b). 

 The relative motions of the LEO and GPS satellites, along with the measured 

frequency at the receiver and the expected frequency, are used to determine the 

Doppler-shifted frequency, and are determined using data from several ground-based 

GPS transmitters (Kursinski et al. 1997). The bending angle α, which results from the 

refraction, and the tangent height r (Fig. 3.1a), are two necessary parameters that are 

derived from these measurements. Once α and r are estimated, N can then be calculated. 

Under the assumptions of local spherical symmetry and the existence of a unique ray 

for every impact parameter a, this is done by using the Abel transform inversion: 
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where a1 = n(r)r is the impact parameter whose tangent radius is r. When given a value 

of α, n(r) can be calculated by a numerical integration of the Abel inverse transform 

(Kursinski et al. 1997). 

 Once the refractive index is calculated, ancillary information of the atmosphere can 

be used to derive atmospheric variables such as temperature, pressure, and moisture 
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content. Since the refractive index of air varies between 1.0003 near the surface to less 

than 1.000001 near 40 km, the refractivity variable N is calculated for convenience. The 

variable N is related to the refractive index and to other atmospheric variables by 

where P is atmospheric pressure in mb, T is atmospheric temperature in K, Pw is water 

vapor partial pressure in mb, ne is the electron number density per cubic meter, f is the 

transmitter frequency in Hz, and W is the liquid water content in g m
-3

. In the 

atmosphere below 60 km, only the first two terms contribute a significant portion of the 

values of N, and hence the third and fourth terms are neglected when considering the 

atmosphere below the ionosphere (Kursinksi et al. 1997). The first term on the 

right-hand side of Equation (3.3) is the dry refractivity term and is a result of induced 

electric dipoles of molecules in dry air in the presence of an electric field (Kursinski et 

al. 1997). The second term, which is the moist refractivity term, is due to the permanent 

dipole moment in water molecules (Kursinski et al. 1997). Since the moisture content in 

the lower troposphere is highly variable, the moist refractivity term contributes greatly 

to the variability in refractivity both spatially and temporally. 

3.2.2 Data and Methodology 

 All GPS RO observations used in this study were obtained from both the German 

GPS mission, CHAMP (CHAllenging Minisatellite Payload), and the Argentinean GPS 

mission, SAC-C (Satélite de Aplicaciones Cientificas-C). In the first phase of this study, 

the data used were for the entire month of May 2002 over a global domain. The model 

data were obtained from the NCEP/SSI (National Centers for Environmental Prediction 

Spectral Statistical Interpolation) analysis system with triangular interpolation 170 and 

42 vertical levels (T170L42). 

 The observed GPS RO data are measured in height coordinates, while the model 

data are in sigma coordinates. Therefore, the model data were interpolated to height 

coordinates. The sigma coordinates are terrain-following coordinates, which are ratios 

of the actual pressure to the surface pressure, that is,  
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where p is the pressure of the height under consideration, p0 is the pressure at the 

surface, and ptop is the pressure at the top of the atmosphere. Because the sigma 

coordinates depend on pressure, the vertical resolution of the model data varies with 

time and location. The vertical resolutions of GPS RO data are approximately 0.2 km, 

0.4 km, 1.0 km, and 2.0 km for mean-sea-level (MSL) height layers of 0.0-3.2 km, 

3.2-10 km, 10-20 km, and 20-40 km, respectively. 

In the first phase of the study, the issues listed above were addressed through the 

generation of several scatter diagrams, each with different criteria, including height 

layers, occultations over land and the ocean, and different cloud environments. In the 

scatter diagrams, if the model and observed values are the same, the points sit on the 

diagonal line with slope equal to unity. The further the model value is from the 

observed, the larger distance the point is from the diagonal line. As the case with 

QuikSCAT and NHC parameter comparisons, the magnitude of the random error in 

both the GPS RO and NCEP variables need to be considered when looking at bias. The 

reason for this being, large random errors relative to the range of the smallest to largest 

values of α and N can result in biases which are strictly due to the random errors 

(Stoffelen 1998). This is likely to be nearly negligible above the top of the PBL. Below 

the PBL, it may be beneficial to see if removing outlier greatly reduces the biases over 

the land and over the ocean. Outliers are highlighted with different arbitrary criteria 

chosen depending on the spread of the points. This was to get a reasonable number of 

outliers highlighted on each plot. 

Cloud environment comparisons comprised a large portion of the first phase of the 

study; therefore, a brief description of how the cloud categories were determined is 

provided.  The determination of the cloud categories was done by Evans (2004). In this 

study, the same dataset of GPS RO profiles as Evans (2004) was used. For the entire 

month of May 2002, the latitude and longitude of each occultation perigee point were 

superimposed on archived GOES-8 visible and infrared satellite imagery. The domain 

chosen for analysis was based on the quality of the imagery, which depends on the 
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curvature of the earth and the location of the satellite. The satellite is centered at about 

75°W and the equator and the curvature of the earth degraded the quality of the imagery 

at latitudes poleward of 60°; therefore, the domain is from 30°W to 100°W and from 

60°S to 60°N. The GOES-8 imagery is only available at 3-hourly intervals starting at 

0000 UTC. Therefore, the occultations were separated into bins of 3-hourly intervals 

centered at the time of the GOES-8 image.  For example, all occultations in 

consideration between 1030 UTC and 1330 UTC were superimposed on the satellite 

image taken at 1200 UTC. 

 For the second phase of this study, all TCs in the North Atlantic basin in 2001, 2002, 

and 2003 were searched for any GPS RO occurring in their environments. A total of 

138 GPS RO soundings were obtained based on specified criteria discussed in Section 

3.4. The NCEP reanalysis data are interpolated to the GPS RO locations to obtain the 

corresponding 138 NCEP profiles. Once the profiles were selected, cases assumed to be 

within TC environments (< 400 km from TC center) were compared with those on the 

periphery or further away from TC centers (400-800 km from TC center). Also, TC 

intensity was considered through division of the two above categories into three TC 

status categories: tropical depression (TD), tropical storm (TS), and hurricanes (H). 

Mean categorical profiles are compared using bias and RMSD. 

 The third phase of this study investigates five cases of dropsondes in which an RO 

occurred within 3 h and 300 km of their launches. Profiles of the GPS RO profiles and 

the mean dropsonde observations are compared with each other and with NCEP 

profiles. These GPS/dropsonde comparisons aid in the conclusions of the application 

potential of GPS RO to TC research in general. 

 

3.3 General Quality Issues with GPS RO Data 

 Values of GPS RO-observed α and N are dependent on pressure, temperature, and 

moisture content according to Eq. (3.3). Therefore, RO profiles will exhibit certain 

characteristics that can be associated with the atmosphere in which the RO occurs. 

Therefore, investigation of GPS RO profiles in different environments is necessary in 

assessing their potential for application. First, comparisons between RO profiles over 
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land and over ocean are analyzed. Secondly, RO profiles in different cloud 

environments are discussed. Thirdly, the diurnal cycle of characteristics of GPS ROs is 

briefly considered. 

 One of the major issues with assimilating GPS RO data is a negative N-bias in the 

lower troposphere (Rocken et al. 1997, Wickert et al. 2001, Ao et al. 2003, Hajj et al. 

2002). The negative bias comes from at least two sources: tracking errors that are 

mostly due to multipath propagation of the signal, and atmospheric ducting or 

“superrefraction,” which are suspected to be related to moisture gradients. Multipath 

propagation occurs when a transmitted signal becomes diffracted into two or more rays 

each with a different bending angle. The diffracted rays reach the receiver with the 

same perigee height (but with different bending angles). Superrefraction often results in 

the RO signal becoming ducted within a superrefractive layer, which violates the 

assumption that a ray tangent point exists for all heights in the atmosphere (Ao et al. 

2003). The problems begin when N is attempted to be derived using the Abel integral. 

Since the Abel integral requires a single value of α, some value is used (usually the 

smallest value), resulting in a value of N that is smaller than what is actual (Ao et al. 

2003, Sokolovskiy 2003). The bias due to tracking error should appear in both α and N 

values, while the superrefraction contribution to negative bias should appear only in N 

values (Gorbunov 2002, Ao et al. 2003). The standard retrieval (ST) methods used to 

obtain a profile of α as a function of impact parameter a, do not correct for these 

multipath effects. However, another retrieval method, the Canonical Transform (CT), 

has been shown to remove the multipath contribution to the negative N-bias (Ao et al. 

2003). The CT method removes multipath errors by utilizing both phase and amplitude 

data to obtain α from the occultation measurements (Gorbunov 2001, 2002). A detailed 

explanation of the CT method is provided in Gorbunov (2002). The data in the first 

phase of this study was processed using the ST method, while the data in the second and 

third phases were processed using the CT method. The major difference in vertical 

structures of bias between ST and CT is a positive N-bias in a layer from about 3-6 km 

in CT, while a negative bias can be seen from the surface to near 6 km in ST, especially 

in the Tropics (Ao et al. 2003). To address this issue related to low-level N-bias, it is 
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worthy to compare α-bias with N-bias and to question whether the biases in N and α are 

caused by a major bias in the data as a whole or by the outliers.  In other words, upon 

the removal of the outliers, the magnitude of the bias reduction should be analyzed. 

 

3.3.1 Occultations over Land vs. Ocean 

 The variables α and N derived from GPS are compared with those derived from 

NCEP analysis data. This is done to highlight any statistical differences αGPS
 and N

GPS
 

may have from being observed over the land or the ocean. Two statistical variables, bias 

ε and root-mean-square difference (RMSD) are calculated for both ROs over the land 

and the ocean. RMSD can be expressed as 
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where ε  is the difference between GPSα  and Modelα or N
GPS

 and N
Model

,ε  is the mean 

difference (bias), and M is the number of observations in the analysis. 

 The focus of the land and ocean comparisons is in the lower troposphere.  

Therefore, the land and ocean α and N values were plotted for all observations below 

2.5 km (Figures 3.2-3.3). Below 2.5 km, the RMSD of α over the land (Figure 3.2a) is 

smaller than over the ocean (Figure 3.2b), while the RMSD of N over the land (Figure 

3.2c) is larger than over the ocean (Figure 3.2d). The slope of the regression line is 

smaller over the land than over the ocean in both α and N. However, the 2.5-4 km layer 

exhibits slightly different results (not shown). The RMSD of both α and N over the 

ocean are larger than the land. While the regression line slope is smaller than the ocean 

for α, it is not for N. There is about four times the number of observations over the 

ocean as over the land below 2.5 km, due both to terrain effects and the larger oceanic 

area. There is about twice the number of observations over the ocean than over the land 

between 2.5 and 4 km, due to, globally, the larger oceanic area. Larger RMSD values 

and negative bias are expected below 2.5 km over ocean than over land, because the 

ocean is a moisture source and can contribute to tight refractive gradients. However, in 

these plots, the RMSD over the land and over the ocean are quite similar. 
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Figure 3.2. Model vs. observed bending angle (a) over land and (b) over the ocean scatter plots for 

MSL heights below 2.5 km. Model vs. observed refractivity scatter plots (c) over land and (d) over 

the ocean correspond to the bending angles in (a) and (b), respectively. The outliers are determined 

by the observed-model bending angle outlier thresholds: yellow is obs-mod < -6e-3, magenta is 

-6e-3 < obs-mod < -3e-3 and, cyan is 3e-3 < obs-mod < 6e-3, and maroon is obs-mod > 6e-3. 

 

 

(a) 

(b) 
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Figure 3.2-continued. 

 

(c) 

(d) 
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Figure 3.3. Same as Figure 3.2, except (a) and (b) are refractivity (N-units) plots over the land and 

the ocean, respectively, and (c) and (d) are the corresponding bending angle (radians) plots over the 

land and the ocean, respectively. The outliers are determined by the observed-model refractivity 

outlier thresholds: yellow is obs-mod < -20, magenta is -10 > obs-mod > -20, cyan is 10 obs-mod < 

20, and maroon is obs-mod > 20. 

 

(b) 

(a) 
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Figure 3.3-continued. 

 

 

 

 

 Since N is derived from α, one would expect to see α outliers correspond to N 

outliers. The process of obtaining N through the Abel inversion integral is actually a 

smoothing operator and results in the spread of N values to be smaller. This smoothing 

also causes some outliers in α to disappear in the N plots. Overall, negative (positive) 

outliers in α correspond mostly with negative (positive) outliers in N, with the converse 

(c) 

(d) 
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also true. There are cases in which GPSα is greater than Modelα  and corresponds with 

values of N
GPS

 which are smaller than N
Model

, with the converse also being true. This 

may be due to the retrieval processing errors of the α data into N, and/or the model. In 

Figure 3.3, α-outliers are compared with the corresponding N-outliers. These plots 

show that some of the positive α-outliers correspond with negative N-outliers. There 

are a greater number of points when comparing N-outliers with corresponding 

α-outliers. This is due to the criteria chosen for the outliers in the N plots, which caused 

more outliers than in the α plots. However, there are no positive α-outliers which  

correspond to negative N-outliers. 

 It can be noted in Figures 3.2 and 3.3 that a linear regression line was fitted to each 

scatter plot. There are three regression variables of interest in these figures: regression 

coefficient b1 (slope), regression constant b0 (y-intercept), and coefficient of 

determination r
2
 (square of correlation coefficient). These variables were calculated 

using the equations in the appendix. In all calculations, the independent variables are 

NCEP-derived (x-axis) and dependent variables are GPS RO-derived (y-axis). The 

regression variables were calculated by minimizing the collective least-square 

differences of every collocated and interpolated GPS and NCEP value, using only the 

non-outliers for each threshold. The least-squares method used to obtain the regression 

variables requires that the cost function J expressed as 
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be minimized, where xi is a model variable and yi is observed. In essence, minimizing 

the cost function in Eq. (3.6) minimizes the squared distances from the points in the 

scatter plot to the regression line. Values of b1 close to unity and b0 close to zero 

indicate nearly perfect correlation and almost no bias between the two variables. 

 Figures 3.4a-d show values of b1 and b0 for both α and N in two atmospheric layers 

for occultations over the land and over the ocean versus outlier thresholds. Outliers of α 

and N for a given thresholds are defined as 

thresholdoutlieroutlier
obs αααα ∆>∆=− mod  (3.7a) 
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and  

thresholdoutlieroutlier
obs NNNN ∆>∆=− mod , (3.7b) 

respectively. There are 22 bending angle outlier thresholds from 0.0002 radians to 

0.0044 radians at 0.0002 radian increments. The 22 refractivity outlier thresholds are 

from 0.5 units of refractivity (N-units) to 11 N-units at 0.5 N-unit increments. Both of 

the layers over land have b1 values farther from unity than the layers over the ocean for 

all bending angle outlier thresholds. However, with the refractivity outlier thresholds, 

the 0-2.5 km layer over the land stands out from the other three categories with smaller 

b1 values. It should be noted that the b1 values in refractivity plots are all close to unity, 

even at the 11 N-unit outlier thresholds. The b0 figures are analogous to b1, with the 

land categories b0 values being farther from zero than the ocean categories for all 

bending angle thresholds, and the 0-2.5 km layer over the land standing out in the 

refractivity plot (Fig. 3.4c-d). 

 Values of bias can not be easily seen from the regression variables shown in Figure 

3.4a-d. Therefore the observed-minus-model percent bias is shown in Figures 3.4e-f. 

The percent bias is the mean difference divided by the mean GPS value, 

%100⋅
−

=
GPS

NCEPGPS

x

xx
BiasPercent , (3.8)

where x can represent either bending angle or refractivity. It can be seen that bending 

angle bias is negative for all four categories, with bias being reduced from up to -2% 

(0-2.5 km over land) to less than -0.8% (2.5-4 km over land). It can be noted that the 

negative bias decreases rapidly upon removal of outliers. Overall, the 2.5-4 km layer 

over both the land and ocean has weaker negative bending angle bias than the 0.25-4 

km layer. The variation of refractivity bias with the number of outliers is similar to 

bending angle bias below 2.5 km (Fig. 3.4f). In the 2.5-4 km layer over the ocean, 

however, a slight positive refractivity bias is observed for all outlier thresholds. The 

2.5-4 km layer over the land has a slight negative refractivity bias for larger outlier 

thresholds, but a slight positive refractivity bias for smaller thresholds. The stronger 

negative biases in the 0-2.5 km layer over both the ocean and the land may be due to 

superrefraction in the planetary boundary layer (PBL) (Sokolovskiy 2003). The slight  
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Figure 3.4. Regression line slopes for (a) bending angle and (b) refractivity against the respective 

outlier thresholds determined by the absolute value of the observed minus model differences.  

Regression line y-intercepts for (c) bending angle and (d) refractivity are plotted as with the slopes.  

The observed-minus-model bias for (e) bending angle and (f) refractivity as with the slopes. The 

number of observations kept versus threshold (solid bold) and percent of observations kept (dashed) 

for (g) bending angle and (h) refractivity, are plotted as with the slopes. 

(a) 
(c) 

(b) (d) 
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Figure 3.4-continued. 

 

 

 

 

positive bias in the 2.5-4 km layer over the ocean, which is stronger than the 2.5-4 km 

layer over the land for all thresholds, may suggest that GPS is resolved more 

atmospheric bending due to water vapor, which is expected to be more abundant over 

the oceans. 

 The number of observations kept for each outlier threshold, i.e., non-outliers, is 

(e) 
(g) 

(f) (h) 



 65

plotted with a solid line against outlier threshold in Figures 3.4g-h. The dashed lines 

show the percent of observations kept for convenience. As previously mentioned, there 

are about two to four times more observations over the ocean than over the land for the 

same domain and time window. With very strict outlier criteria, less than 20% of the 

observations are kept and the number of ocean observations becomes much closer to 

the number of land observations. Overall, with greater numbers of outliers removed, the 

slopes of the regression lines approach unity and the y-intercepts approach zero. The 

regression lines respond more dramatically to the removal of the outliers over land, 

mostly due to much fewer observations over the land than the ocean. Also, the  

regression line slope changes more in the α plots upon removal of the outliers than in 

the N plots. To obtain regression line slopes close to unity and y-intercept values near 

zero, only about 10-30% of the observations should be used (Figures 3.4g-h). 

3.3.2 Occultations in Different Cloud Categories 

 Five cloud categories in midlatitudes and tropics were defined in order to 

investigate how different atmospheric states affect GPS RO signals. GPS RO technique 

is weather-independent; however, retrieval processing can be affected when clouds are 

present if moisture structures are complex. Four of the cloud categories in these 

analyses are cumuliform, convective, cirriform, and stratiform cloud environments. 

Occultations through clear air environments were also included, making clear air the 

fifth category. Any occultation that passed through multiple cloud types were excluded 

from the analysis (Evans 2004). These categories were chosen due to the different 

moisture structures and tropopause heights associated with these specified categories. 

The midlatitudes (30°-60°N and 30°-60°S) and tropics (30°S-30°N) have different 

amounts of mean low-level moisture content and different tropopause heights. Also, 

clouds types, such as cumulus, have different properties in the tropics than in the 

midlatitudes. GPS RO data in each category are examined in three height ranges: 0-2 

km, 2-4 km, and 4-8 km. 

 Below 2 km, the cumuliform occultations in the midlatitudes have a larger range 

between the smallest and largest values of αmodel
 (Figure 3.5a-b) than the clear air 

occultations, and a stronger negative bias (αobs
-αmodel 

= -7.93e-4). In the midlatitudes, 
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the convective and stratiform occultations have about the same range as the clear air, 

but slightly smaller standard deviations. In the tropics, the cumuliform plot (Figure 3.6a) 

shows noticeably larger values of α, strong negative bias (αobs
-αmodel 

= -2.63e-3), and 

poor correlation between observations and modeled values (r = 0.257). The tropical 

clear air plot was not shown, due to a lack of observations. 

 In the 2-4 km layer, the main difference is the much larger range between the 

smallest and largest values of α  in the cumuliform category (Figures 3.5c-d). The clear 

air and cumuliform plots in the tropics (Figures 3.6b-c) have larger ranges and stronger 

negative biases than their respective midlatitudes plots (Figures 3.5c-d). With more 

moisture in cloud environments and in the tropics, this is consistent with the fact that 

moisture in the lower troposphere produces large bending angles (Kursinski et al. 

1997). 

 In the 4-8 km layer, the cirriform cloud category has a much larger number of 

observations than in lower layers. However, the typical height layer of cirriform clouds 

is 8.5-11 km (Heymsfield and Pratt 1984); hence, occultations in cirriform 

environments were not expected to show significant differences from the clear air 

occultations in this layer. In the midlatitudes, as shown in Figure 3.5g, the cirriform 

category resembles the cumuliform category by having a positive bias and a similar 

amount of outliers. The tropical cumuliform and convective environments (Figures 

3.6e, g) have a larger range between smallest and largest α values and a greater number 

of outliers along with the cirriform occultations (Figure 3.6f). All cloud categories 

possess a positive α-bias in the 4-8 km layer. Occultations in midlatitude stratiform 

cloud environments have a trend that is quite similar to the clear air (not shown). This is 

likely due to stratiform clouds often being below this layer and resulting in many cases 

with less complex refractive index gradients. However, the tropical stratiform cloud 

environments show a stronger positive bias and larger standard deviations. Possibly, 

more stratiform cloud layers may exist in this layer in the tropics than in midlatitudes. 

Overall, cirriform environments show some contrast to the clear air in this layer, but not 

as much as convective or cumuliform environments. 

The bias, standard deviations, RMSD, and number of observations for each category 
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Figure 3.5.  Scatter plots of modeled versus observed bending angles in the Midlatitudes below 

MSL altitudes of 2 km: for occultations passing through (a) clear air and (b) cumuliform cloud 

environments; in the 2-4 km layer: (c) clear air and (d) cumuliform cloud environments; in the 4-8 

km layer: (e) clear air, (f) cumuliform, and (g) cirriform cloud environments. The data are from the 

period during 01-31 May 2002 and in the domain: 30°W-100°W and in two latitudinal bands: 

30°N-60°N and 30°S-60°S. Outlier criteria are the following bending angle difference thresholds: 

blue is obs-mod < -4e-3, green is -2e-3 > obs-mod > -4e-3, magenta is 2e-3 < obs-mod < 4e-3, and 

violet is obs-mod > 4e-3. The criteria in the 4-8 km layer plots are half of those specified. 

 

a) b) 

c) d) 

e) f) 
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Figure 3.5-continued. 

 

 

 

 

 
Figure 3.6.  Scatter plots of modeled versus observed bending angles in the Tropics below MSL 

altitudes of 2 km: for occultations passing through (a) cumuliform cloud environments; in the 2-4 

km layer: (b) clear air and (c) cumuliform cloud environments; in the 4-8 km layer: (d) clear air, (e) 

cumuliform, (f) cirriform and (g) convective cloud environments. The data are from the period 

during 01-31 May 2002 and in the domain: 30°W-100°W and 30°S-30°N. Outlier criteria are the 

following bending angle difference thresholds: blue is obs-mod < -4e-3, green is -2e-3 > obs-mod > 

-4e-3, magenta is 2e-3 < obs-mod < 4e-3, and violet is obs-mod > 4e-3. The criteria in the 4-8 km 

layer plots are half of those specified. 
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Figure 3.6-continued. 

 

 

 

 

are listed in Table 3.1. The differences between clear air profiles and cloud type profiles 

suggest that moisture present in various cloud environments contribute to larger ranges 

in α, stronger biases, and larger standard deviations. More observations in clear air 

would likely provide a more confidence in these trends. The most robust finding in 

these three layers is differences in biases between clear air profiles and among the cloud 

type profiles. In the lower troposphere, abundant moisture associated with the cloud 

environments are what most affect α in these height layers. Moisture gradients are 

definitely a consideration; however, there is still uncertainty with regard to how much 

moisture gradients associated with cloud environments affect the bending angle of 

radio signals. 

 The tropical plots generally show larger standard deviations than the midlatitude  

e) 
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Table 3.1. Bias, standard deviations of observed and model bending angle, RMSD, and number of 

observations for the cloud categories in three height layers of both the midlatitudes (top) and tropics 

(bottom). The shaded rows highlight the categories in which their respective scatter plots are shown. 

Midlatitudes 
Obs-Model 

Bias 
σmod σobs RMSD Number 

0-2 km      
Clear Air -1.25E-04 3.12E-03 2.28E-03 2.20E-03 75
Cumuliform -7.93E-04 2.98E-03 2.24E-03 2.04E-03 138
Stratiform -6.63E-04 2.23E-03 2.06E-03 1.65E-03 399
Convective -6.57E-04 2.25E-03 2.09E-03 1.63E-03 369

      
2-4 km      
Clear Air -2.05E-04 1.37E-03 1.33E-03 1.00E-03 106
Cumuliform -2.16E-04 2.20E-03 2.15E-03 2.15E-03 218
Stratiform -7.77E-03 1.75E-03 1.69E-03 8.24E-04 391
Convective 3.63E-05 1.79E-03 1.82E-03 9.75E-04 369

      
4-8 km      
Clear Air -5.57E-05 1.46E-03 1.45E-03 3.92E-04 297
Cumuliform 1.19E-05 1.48E-03 1.46E-03 4.71E-04 599
Stratiform 1.87E-06 1.45E-03 1.49E-03 3.12E-04 985
Convective 2.51E-05 1.67E-03 1.70E-03 3.55E-04 942
Cirriform 3.14E-05 1.69E-03 1.85E-03 3.14E-04 184

      

Tropics 
Obs-Model 

Bias 
σmod σobs RMSD Number 

0-2 km      
Clear Air - - - - 11
Cumuliform -2.62E-03 3.43E-03 1.69E-03 3.40E-03 50
Stratiform - - - - 6
Convective - - - - 18

      
2-4 km      
Clear Air -9.34E-04 3.57E-03 3.53E-03 2.00E-03 56
Cumuliform -6.73E-04 3.46E-03 3.15E-03 1.86E-03 249
Stratiform - - - - 24
Convective -2.58E-04 2.36E-03 2.19E-03 1.65E-03 66

      
4-8 km      
Clear Air 3.55E-05 1.57E-03 1.62E-03 7.33E-04 253
Cumuliform 2.63E-05 1.99E-03 2.01E-03 7.31E-04 1095
Stratiform 1.45E-04 1.76E-03 1.91E-03 7.62E-04 170
Convective 2.13E-04 2.35E-03 2.37E-03 8.18E-04 257
Cirriform 9.40E-05 1.93E-03 1.98E-03 7.28E-04 159

 

 

 

plots, except for σobs in tropical cumuliform environments below 2 km (Table 3.1, Fig. 

3.6a). Also, the tropical plots have larger α values than do the midlatitude plots, even 
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though fewer occultations reach the lower levels. Also, cumuliform and convective 

categories tend to have more outliers, greater standard deviations, and larger values of  

α than the other cloud categories. This is likely because of the tight and/or complex 

moisture gradients in the environments of cumulus and convective clouds. These 

gradients and complex structures result in a high index of refraction gradient over a thin 

layer, which cause radio signals to be ducted into the superrefactive layer. The next step 

in determining whether clouds and cloud environments can be an indicator of data 

quality problems is to investigate individual outliers and to find out whether clouds 

were present at or near the height of the observations. 

 The cloud environment comparisons show that there is the strongest negative bias 

in cumuliform environments in both midlatitudes and tropics below 2 km. Also, there is 

a noticeable positive bias in all categories in the 4-8 km layer. The positive bias is 

strongest in the convective tropical environments. The observed and model standard 

deviations (σobs and σmod) are generally much larger in the tropics than the midlatitudes. 

There is not much difference between σobs and σmod, except below 2 km, where σobs is 

much smaller than σmod, especially in tropical cumuliform environments. The small 

values of σobs below 2 km may be due to the retrieval and superrefractive errors 

mentioned previously. 

3.3.3 Diurnal Cycle of GPS RO Profiles 

 In order to get an idea of what time of day the occultations and their outliers 

occurred, a scatter plot of the ModelGPS αα −  difference below 2 km MSL altitude 

(Figure 3.7) was plotted against local time of day (local zone time). The original data 

were in UTC, so a time conversion had to be made in order to obtain the diurnal cycle. 

The time conversion is made by taking the longitude of the occultation and placing it in 

a 15 degree longitude bin within 7.5 degrees of the central meridian. Next, the hour at 

the central meridian is taken and subtracted from (or added to) the hour at the prime 

meridian (which is equal to the time in UTC). Political variations of time zones are not 

taken into account; however, this method gives a close estimate to the local zone time 

that the occultations occurred. 
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Figure 3.7. The difference between observed and modeled bending angle versus time of day in (a) 

UTC and (b) local zone time for the entire globe from 0-2 km above MSL during 01-31 May 2002. 

Bending angle outlier criteria are color-coded as: orange is obs-mod<-8e-3, red is 

-8e-3<obs-mod<-4e-3, and cyan is obs-mod>4e-3. 

(b) 

(a) 
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Figure 3.8. Same as Figure 3.7, except for heights 18-24 km above MSL and the bending angle 

outlier criteria are color-coded as: orange is obs-mod < -1×10
-4

 and magenta is obs-mod > 1×10
-4

. 
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Figure 3.9. The mean longitude and local time of occultation for CHAMP (dark blue) and SAC-C 

(magenta) missions during 01-31 May 2002 across the entire globe.  Longitude is on the vertical 

axis and time of day is on the horizontal axis. 

 

 

 

 

 Before the time conversion, the distribution of the observations was uniform; 

however, after the time conversion, observations occurred mostly between 0800 and 

1600 and between 2000 and 0400 local zone time. There are local minima of 

observations at 0500 and 1700 local zone time. Upon the discovery of this local time 

distribution, plots above the tropopause (18-24 km above MSL) were made to ensure 

no moisture effects were causing these results (Figure 3.8). As is evident in Figure 3.8b, 

the same distribution exists above the tropopause. 

 The average longitude of each occultation for both CHAMP and SAC-C plotted 

against local time of day is shown in Figure 3.9. The occultations appear to occur 

during two times of day as shown in Figures 3.7 and 3.8, with the majority of SAC-C 

soundings occurring at slightly earlier times than CHAMP. Most of the SAC-C 

soundings occurred during the four hours prior to local noon and local midnight, and 

the CHAMP soundings occurred during the four hours directly after local noon and 
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local midnight. A few occultations from both CHAMP and SAC-C occurred during the 

periods during 0400 to 0800 and 1600 to 2000 local zone time, but the number is very 

small in comparison. 

 In an attempt to explain this finding, an investigation of the satellite orbits was 

done to see if the timing of these orbits causes this distribution. According to the GFZ 

Potsdam website (2004), the CHAMP satellite is not sun-synchronous (never passes 

over the same point daily). The satellite is polar-orbiting with 15.40 revolutions per day. 

The other satellite, SAC-C, is sun-synchronous, passing over the revisiting point every 

9 days.  These two satellites should roughly cover the globe equally (Yunck et al. 2002).  

The other factor in the time distribution of occultations is the orbits of the GPS 

navigation satellites.  There are 24 GPS satellites, which are in precise orbits about 

12,000 miles above the surface, orbiting the earth twice daily.  The information 

gathered about these orbits so far has not completely explained the reason for these time 

conversion results. 

 

3.4 GPS RO Observations in TC Environments 

 

 The previous section discussed how GPS α and N may deviate from model α and N 

more in particular environments. These analyses may have implications for GPS α and 

N observed in TC environments, since TCs spend most of their lifetime over the ocean 

and are associated with a large amount of cloud cover. It was previously mentioned that 

GPS RO data have the potential to provide high vertical resolution profiles of the 

thermodynamic structure of TCs. Inversion layers, unstable layers, and moist and dry 

layers can be resolved from temperature and moisture derived from GPS RO data. Part 

of this study is to observe the typical vertical structure of temperature T, partial pressure 

due to water vapor Pw, in addition to α and N within TC environments and compare 

those characteristics with those outside of TC environments. The abundance of 

moisture in the low levels of TC environments definitely poses potential problems for 

GPS RO retrieval. Therefore, this study investigates how GPS RO profiles compare to 

NCEP profiles. Characteristics in GPS RO profiles within TC environments are  
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Table 3.2. List of TCs used in this study with the number of GPS RO profiles and NHC TC analyses. 

    CHAMP SACC Total NHC 

  Storms Profiles Profiles Profiles Analyses 

1 Ana (2003) 1 0 1 1 

2 Barry (2001) 0 1 1 1 

3 Bertha (2002) 2 1 3 3 

4 Bill (2003) 1 0 1 1 

5 Chantal (2001) 1 0 1 1 

6 Claudette(2003) 3 0 3 3 

7 Cristobal (2002) 0 3 3 3 

8 Dolly (2002) 0 2 2 2 

9 Edouard (2002) 4 1 5 5 

10 Erin (2001) 0 5 5 5 

11 Fabian (2003) 4 0 4 4 

12 Fay (2002) 0 1 1 1 

13 Gabrielle (2001) 1 2 3 3 

14 Gustav (2002) 2 0 2 2 

15 Hanna (2002) 2 2 4 4 

16 Henri (2003) 4 0 4 3 

17 Humberto (2001) 0 1 1 1 

18 Iris (2001) 1 0 1 1 

19 Isabel (2003) 7 0 7 7 

20 Isidore (2002) 8 3 11 11 

21 Josephine (2002) 0 3 3 2 

22 Juan (2003) 2 0 2 2 

23 Kate (2003) 7 0 7 7 

24 Kyle (2002) 8 11 19 16 

25 Larry (2003) 1 0 1 1 

26 Lili (2002) 11 9 20 20 

27 Michelle (2001) 2 4 6 6 

28 Nicholas (2003) 8 0 8 7 

29 Olga (2001) 2 2 4 4 

30 TD 9 (2002) 1 0 1 1 

31 TD 14 (2002) 4 0 4 3 

   TOTAL 87 51 138 131 

 

 

 

 

expected to differ from profiles within the ambient tropical and midlatitude 

environments. 
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Table 3.3. List of the number of GPS RO profiles and NHC TC analyses binned into TC status. 

TC 
Status 

CHAMP 
Profiles 

SACC 
Profiles 

Total 
Profiles 

NHC 
Analyses

TD 25 13 38 33

TS 43 27 70 68

Cat 1 5 6 11 11

Cat 2 5 2 7 7

Cat 3 3 2 5 5

Cat 4 4 1 5 5

Cat 5 2 0 2 2

TOTAL 87 51 138 131

 

 

 

 

Table 3.4. List of the number of GPS RO profiles binned into distance between GPS RO and TC 

center interpolated to the time of the RO. 

Radial Distance 
CHAMP 
Profiles 

SACC 
Profiles 

Total 
Profiles 

0-400 km 25 14 39

400-800 km 62 37 99

TOTAL 87 51 138

 

 

 

 

 

Figure 3.10. Locations of CHAMP and SAC-C occultations that occurred within 800 km and ± 3 h 

of a tropical cyclone based on the NHC advisory from 2001-2003. The TC locations were linearly 

interpolated to the time of the occultations using the two closest advisory center fixes. 
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Figure 3.11.  Storm-relative locations for both CHAMP AND SAC-C occultations within 800 km of 

2001-2003 tropical cyclones in the North Atlantic. Color scheme for TC status are as follows: filled 

blue circles are TD cases, filled green circles are TS cases, and open red circles are hurricane cases. 

 

 

 

 

 A collection of cases of TCs in which at least one GPS RO occurred within 800 km 

of the respective center were obtained for this study. CHAMP data were available for 

the hurricane seasons of 2001-2003, and SAC-C data were available for 2001-2002. 

Every TC during the three hurricane seasons from 2001-2003 in the North Atlantic 

Basin was searched for GPS RO occurring near the TC center. The criteria for case 

selection was an NHC advisory within +/- 3 h of the time of the occultation and an 

interpolated TC center fix within about 800 km of the location of the occultation’s 

perigee point (the closest height of the ray to the surface). The TC center was linearly 
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interpolated to the time of the occultation using the two closest NHC advisory TC 

center positions. These criteria placed on the available data resulted in 138 occultation 

cases. Despite several hundred occultations daily from both CHAMP and SAC-C 

instruments, the number of occultations occurring within TC environments is small. 

Table 3.2 lists the North Atlantic TCs used in this study. There were a total of 86 

CHAMP ROs and 51 SAC-C ROs. Even Hurricane Kyle (2002), which lasted 22 days, 

only had a total of 19 ROs. The locations of all the occultations in this portion of the 

study as well as the TC locations are shown in Figure 3.10. It can be noted that CHAMP 

generally has an even distribution of cases, while SAC-C cases are concentrated mostly 

in the western half of the domain. A list of the number of cases for each TC status 

classification is provided in Table 3.3. Most of the cases are TD or TS, therefore, all the 

hurricane cases are grouped together to form the hurricane (H) category. 

 Before statistics that encompass all cases were analyzed, some general quality 

considerations were made. First, the distribution of the occultations in a storm-relative 

position was investigated, and is shown in Figure 3.11. Fortunately, the distribution of 

all TC classifications with respect to radial distance from the TC center was fairly even. 

The radial distances were placed into two categories: 0-400 km and 400-800 km from 

the TC center. Table 3.4 includes a list of the numbers for both categories. There are 

about three times more cases in the 400-800 km category. Obviously, the main reason 

why the 400-800 km category has more than twice the number of occultations that 

occurred between 0-400 km is because the area covered in 400-800 km distance is three 

times the area of 0-400 km. Figure 3.12 shows the lowest heights of RO profiles. 

According to Figure 3.12, occultations in hurricane environments reach deep into the 

lower troposphere as often as those in TD and TS environments. It is noted that 

occultations within 200 km of TCs of hurricane intensity can reach below 1 km. 

3.4.1 Deviations in GPS Bending Angle and Refractivity from NCEP   

 Both the GPS dry atmospheric and NCEP data used in this portion of the study 

were obtained from the Constellation Observing System for Meteorology, Ionosphere, 

and Climate (COSMIC) Data Analysis and Archive Center (CDAAC). The GPS α and 

N vertical resolutions are about 3 m or ~0.003 km in the lower atmospheric levels, and 
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greater than 0.2 km above the tropopause. The vertical resolutions of NCEP analyses, in 

contrast, are quite coarse (~0.2 km below 1 km MSL altitude and rapidly increases with 

height to greater than 1 km resolution above altitudes of 5 km). The GPS moist 

atmospheric profiles from CDAAC were also used, which have a vertical resolution of 

0.1 km throughout the entire profile. GPS RO observations (particularly α) are taken to 

be a horizontal average of approximately 200-300 km centered on the tangent point r 

(Kursinski et al. 1997). Meanwhile, the NCEP data are provided at horizontal 

resolutions of 2.5° × 2.5° (~275 km × 275 km) interpolated to the location of the GPS 

RO. 

 

 

 

 

Figure 3.12. The lowest MSL altitude of both CHAMP and SAC-C occultations versus radial 

distance from the center of tropical cyclones categorized by TC status. 
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Figure 3.13. The mean of observed-model difference of bending angle (left) and refractivity (right) 

overlaid on GPS-NCEP water vapor partial pressure difference in the lower troposphere (separate 

x-axes) for all TC cases in this study. 
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Figure 3.14. Number of GPS RO profiles versus MSL altitude for (a) the two radial distance 

categories, (b) TC status subcategories of 0-400 km and 400-800 km. 

 

a) 
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Figure 3.14-continued. 

 

 

 

 GPS RO profiles were compared to NCEP analysis-derived profiles within TC 

environments. The GPS profiles were averaged and NCEP profiles were interpolated to 

0.2 km vertical resolution. Then, the two types of profiles were compared with each 

other. Because α and N decrease logarithmically with increasing height, fractional 

differences represented by 
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respectively, were calculated and examined for convenience. The mean and standard 

deviation of the fractional differences were calculated for all TC cases as a whole and 

b) 
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also for cases between 0-400 km and 400-800 km from the TC center. Also, both of the 

radial distance categories were divided into three TC status subcategories: H, TS, and 

TD cases. 

 A large amount of the variability in vertical structure of both α and N is due to 

moisture below 8 km MSL altitude. This is apparent when the vertical structure of the 

mean differences is compared (Fig. 3.13). The number of GPS RO observations for 

each 0.2-km level is shown in Figure 3.14a for two categories: 0-400 km and 400-800 

km from the TC center. Also, TC status subcategories for 0-400 km and 400-800 km 

from the TC center are shown in Figures 3.14b. The low number of observations below 

4 km in all categories, unfortunately, corresponds with the areas of most interest in 

Figure 3.13. The small number of observations must be considered when analyzing 

these large differences between GPS and NCEP, especially below 2 km. Whether or not 

a small sample of GPS observations is representative of the TC environments in general 

will be investigated and further discussed. 

 Vertical profiles of both mean and standard deviation of ∆fα and ∆fN of the two 

radial distance categories are shown in Figure 3.15. The layers of negative α-bias and 

N-bias in lowest levels are found below 2 km. One interesting feature in this figure is a 

positive bias layer from 1-2 km to 6 km MSL altitude. Both ∆fα0-400km
 and ∆fN

0-400km
 

profiles show substantial deviation from the total means (∆fα0-800km
 and ∆fN

0-800km
). The 

major features for the mean within 0-400 km are a thicker layer of negative α-bias and 

N-bias and larger positive α-bias and N-bias between 2-6 km MSL altitudes than the 

mean within 400-800 km. The standard deviations of ∆fα0-400km
 and ∆fα400-800km

 are 

similar except in the low few kilometers (Fig. 3.15b). The same is true of N. 

 The mean profiles of the RO variables may have features, such as bias and RMSD 

that are dependent on the TC intensity. Therefore, both 0-400 km and 400-800 km 

categories were further divided into three TC status categories: H, TS, and TD. Then 

the mean and standard deviation of ∆fα and ∆fN were calculated for each of these 

subcategories. The TC status categories for 0-400 km and 400-800 km are shown in 

Figures 3.16 and 3.17, respectively. 

 Overall, the three TC subcategories are quite similar to each other and close to the 



 85

total category means and standard deviations, except in the height range of 2-8 km. For 

0-400 km cases, the TS subcategory stands out in the layer from 2-5 km with larger 

mean fractional differences. Also, the hurricane category stands out with negative or 

very small positive biases from 3.5-6.5 km. The standard deviations of the three 

subcategories in the 0-400 km category are also fairly close to one another, except Hs 

have noticeably higher standard deviations from between 4-10 km and TSs have 

noticeably smaller standard deviations below 3 km. Values of mean ∆fα0-400km
 are 

noticeably larger than ∆fα400-800km
. The same is true of ∆fN values. H400-800km is the only 

subcategory to have any substantial differing characteristics from the other categories, 

with a larger positive bias in the 1-3 km MSL altitude layer. Both TD400-800km and 

H400-800km have smaller standard deviations than TS400-800km between 1-8 km MSL 

altitudes. Results in Figs. 3.16-3.17 indicate that GPS data deviate more from NCEP 

analyses for TS in the low troposphere and larger variability exists between NCEP and 

GPS data above the middle troposphere within TC environments. Also, The GPS data 

deviates more from NCEP analyses within a hurricane environment, than TS or TD. 

 It was just shown that vertical profiles of mean ∆fα and ∆fN show that GPS values 

tend to deviate from NCEP closer to the storm center below 9 km. An analysis of 

vertical profile overlays of the mean bending angle and refractivity α and N , 

respectively, of both GPS and NCEP plots for both radial distance categories will reveal 

more details of these differences apparent in Figs. 3.16-3.17. The 1.5-6 km layer is the 

focus of the profiles of km4000−α , km800400−α , kmN 4000− , and kmN 800400− from both GPS and 

NCEP for all cases and are shown in Figure 3.18a. The solid lines represent GPS and 

the dashed lines represent NCEP. One item of interest is the values of GPS

km4000−α  and 

GPS

kmN 4000− are noticeably larger than the other categories from about 2.5-5.5 km. At 

altitudes below 2.5 km, GPS

km4000−α is relatively smaller and NCEP

km4000−α is the largest. Figure 

3.18a illustrates that large GPS

km4000−α  and GPS

kmN 4000− values contribute most to the 

differences from 2.5-6 km MSL altitude and both smaller values of GPS

km4000−α and larger 
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NCEP

km4000−α  values contribute to the differences below 2.5 km MSL altitude. 

 Now the profiles of GPSα  and GPSN for the H, TS, and TD cases will be looked at 

individually. In Figure 3.18b, the H means show both GPS

km4000−α  and GPS

kmN 4000−  are larger 

than GPS

km800400−α and GPS

kmN 800400− , respectively. The same is true for NCEPα and NCEPN . 

Throughout the layer from 1.5-6 km, GPS values are almost always larger than NCEP 

values. One exception to this is that GPS

km4000−α is less than NCEP

km4000−α below 2.25 km. 

Throughout this layer, Hurricanes

km800400−α and Hurricanes

kmN 800400−  are smaller than Total

km800400−α and 

,800400

Total

kmN −  respectively. The largest differences are between 2-4 km. TS and TD cases 

are also presented in Figures 3.18c and 3.18d, respectively. TS profiles most resemble 

the total profiles, as is expected since TS cases contribute the largest part of this study’s 

sample. Both GPS

km4000−α  and GPS

kmN 4000−  are noticeably larger than any of the other mean 

profiles (Fig. 3.18c). GPS may be resolving more atmospheric bending, indicative of 

more water vapor present in these environments at these levels. Profiles of GPS

km4000−α  and 

GPS

kmN 4000−  are only slightly larger than the others for TD cases (Fig. 3.18d). Overall, there 

is little deviation between 0-400 km and 400-800 km or between GPS and NCEP 

profiles for the TD category relative to the H or TS categories. This may indicate that 

there is less bending near the center of TDs than TSs or Hs. 

3.4.2 Radial Profiles of Mean Bending Angle and Refractivity 

 A test of the validity of the discussed results of the previous section was done by 

analyzing radial profiles of GPSα , NCEPα , GPSN , and NCEPN  calculated from 100 km to 

800 km from the TC center in 50-km intervals. Scatter plots of both NCEP and GPS α 

and N versus distance from the TC center are shown in Figure 3.19 at four levels: 6.4, 

3.2, 2.4, and 1.2 km. 

 Close inspection of the radial profiles overlaid on Figure 3.19a-c of α and 

N reveals that the larger GPSα and GPSN  values are closer to the center of TCs (2.4, 3.2,  
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a) 

b) 

Figure 3.15. Vertical profiles of (a) mean and (b) standard deviation of (GPS-NCEP)/GPS 

fractional difference of bending angle (left) and refractivity (right).  
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a) 

b) 

Figure 3.16. Same as Figure 3.15, except for TC status subcategories of cases between 

0-400 km of TC center. 



 89

 

 

a) 

b) 

Figure 3.17. Same as Figure 3.15, except for TC status subcategories of cases between 

400-800 km of TC center. 
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a) 

Figure 3.18. Vertical profiles of mean NCEP and GPS bending angle (left) and refractivity 

(right) for (a) all profiles, (b) hurricanes, (c) tropical storms, and (d) tropical depressions. 

b) 
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Figure 3.18-continued. 

c) 

d) 
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and 6.4 km), while NCEPα and NCEPN are generally the same value throughout the radial 

profile. More bending of the GPS ray near the TC centers is likely to be mostly a result 

of larger amounts of water vapor at these levels. The opposite is true at 1.2 km (Fig. 

3.19d), and is largely due to the values of α and N in the five profiles closest to the TC 

center (labeled points in Fig. 3.19). The NCEP values are larger than the radial NCEP 

means for all four levels. 

 Pairs of vertical profiles of each of the five pairs of labeled points in Fig. 3.19 are 

shown in Figures 3.20 and 3.21. NCEP profiles closely follow a logarithmic decrease 

with height, while GPS profiles decrease with height in a more linear fashion in the 1-9 

km layer. All five vertical profiles of αGPS
 cross αNCEP

 and N
GPS

 cross N
NCEP

 at some 

level between 1 km and 4 km. Moisture gradients near the top of the planetary boundary 

layer (PBL) may be partly responsible for GPS’s pronounced deviations from NCEP 

below 2 km in all five of these profiles. For all five profiles, αGPS
 cross αNCEP

 at higher 

heights (Fig. 3.20) than heights at which N
GPS

 cross N
NCEP 

(Fig. 3.21). GPS RO tracking 

error and superrefraction are likely to be most responsible for the large GPS-NCEP 

differences below 2.5 km MSL altitude (Rocken et al. 1997, Ao et al. 2003, 

Sokolovskiy 2003), while the Canonical Transform induced positive bias may be 

partially responsible for the differences from 2.5 to 6 km (Ao et al. 2003). 

  

 

3.5 GPS RO and Dropsonde Comparisons 

 

3.5.1 Dropsonde Data and Case Selection 

 Dropsonde data are useful in further exploring the potential application of GPS RO 

data to TC initialization. During events in which TCs are approaching land masses or 

pose a likely threat to population, Air Force reconnaissance planes fly into the TC 

environment and release dropsondes to measure the vertical wind and thermodynamic 

structures. The dropsonde instrumentation is almost identical to the radiosondes 

launched across the United States twice daily. Upon release, a parachute is deployed  
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Figure 3.19. Selected scatterplots of bending angle (left column) and refractivity (right column) 

versus distance from TC center using both NCEP and GPS data. The levels are (a) 6.4 km, (b) 3.6 

km, (c) 2.4 km, and (d) 1.2 km MSL altitude. The radial profiles for each dataset are averaged over 

50-km intervals from 100 to 800 km from TC center. 

a) 

b
) 
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Figure 3.19-continued. 

 

 

c) 

d
) 
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Figure 3.20. Five pairs of NCEP (black) and GPS (red)α profiles, corresponding to the numbered 

points in Fig. 3.19. 

(1) (2) (3) 

(5) (4) 
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Figure 3.21. Same as Figure 3.20, except for N profiles. 

 

 

 

 

from the dropsonde to stabilize the descent and the measurements normally terminate 

when the dropsonde makes contact with the ocean surface. 

 The dropsonde cases used in this study were launched by the NOAA-49 flights, at 

heights of about 12-13 km MSL altitude or about 140 mb. Other flights in which 

dropsondes were launched at low-levels, such as 850 mb, were not used because of the 

limited amount of vertical extent made by the dropsonde measurements. Pressure, 

(1) (2) (3) 

(5) (4) 
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ambient temperature, and relative humidity are measured by an aneroid barometer, a 

thermistor, and a hygrometer, respectively. The specifications for the instrument 

sensors and other information on the instrumentation on dropsondes are available from 

the Vaisala, Inc. website at http://www.vaisala.com. The data used in this study were 

raw observations generated by the Airborne Vertical Atmospheric Profiling System 

(AVAPS). These data were provided in 0.5 s resolution (< 0.01 km). The data were 

quality controlled using NCAR’s Atmospheric Sounding Processing Environment 

(ASPEN) program. Some of the QC checks automatically conducted by the ASPEN 

software include limit checks, satellite checks, buddy checks, outlier checks, filter 

checks, pressure smoothing, and various adjustments. Information on the ASPEN 

software and descriptions of the QC methods used are available from Martin (2004). 

The altitudes of the measurements were calculated using the integration of the 

hydrostatic equation from either the launch altitude downward or the surface upward, 

depending on which (if any) are reliable. If neither is reliable, heights can not be 

calculated, and the dropsonde dataset could not be used in this study. The HRD 

provides a log for each flight with information and comments about each dropsonde 

launched. Comments in the dropsonde logs, such as where the dropsonde landed and 

the reliability of the aircraft altitude at the time of the dropsonde launches, were used to 

determine whether heights could be calculated, and if so, which altitude to use for the 

start of the hydrostatic equation integration. The position of the dropsonde was 

calculated at each level starting with the launch position and integrating horizontal 

winds to the surface (only if wind measurements were available). 

 GPS RO and NCEP data from CDAAC were used for the dropsonde comparisons. 

The selection of dropsonde cases was limited to the 2002 Atlantic hurricane season, 

because AVAPS data were only available online for that year. The criteria for case 

selection were to have at least two dropsondes launched within 300 km and +/-3 h of the 

GPS RO. These criteria limited the study to the five cases listed in Table 3.5. The 

number of dropsondes which were within 300 km of the occultation is shown in the 

rightmost column of Table 3.5. An average of the dropsondes for each RO was 

calculated and compared with the dropsonde closest to the RO. It was found that, in  
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Table 3.5. List of dropsonde cases with date and time of RO, the satellite, and number of dropsondes 

with 300 of the RO. 

Case 
No. 

Storm Date/Time Satellite

Number of 
dropsondes 

within 300 km of 
RO 

1 Isidore (2002) 9/19 08:24 UTC CHAMP 2 

2 Isidore (2002) 9/23 18:21 UTC CHAMP 3 

3 Lili (2002) 9/25 18:12 UTC CHAMP 4 

4 Lili (2002) 10/1 17:46 UTC CHAMP 4 

5 Lili (2002) 10/2 18:26 UTC SAC-C 3 

 

 

 

 

Table 3.6. List of distances between the mean dropsonde location to the RO, as well as distance 

between the mean dropsonde location to the RO and the TC center. The estimated Vmax, R34kt and 

storm motion at the time of the occultation are also listed. 

Case 
No. 

Distance 
between 

mean 
dropsonde 

position and 
RO 
(km) 

Distance 
between RO 

and TC 
center 
(km) 

Distance 
between 

mean 
dropsonde 

position and 
TC center  

(km) 

Vmax 

(kt) 
R34kt 

(km)
Storm 
Motion 
(kph) 

1 165 712 547 55 75 290°@13

2 134 1521 1456 50 325 Stationary

3 131 1065 938 40 185 285°@16

4 54 764 803 85 220 305°@23

5 46 648 684 115 140 305°@24

 

 

 

 

general, the mean dropsonde profiles were more similar to the occultation; therefore, 

the averaged dropsonde profiles are discussed. The distances between the GPS RO and 

the mean dropsonde location as well as the TC center are provided in Table 3.6. 

Unfortunately, there were no cases within 400 km of a TC center, which may have been 

quite beneficial to this study. 

3.5.2 GPS RO and Dropsonde Vertical Profiles of Selected Variables 

 The storm-relative locations of GPS ROs and dropsondes within 300 km of the 

ROs are shown for the five cases in Figure 3.22. The storm-relative location of each 
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GPS RO was determined based on the respective interpolated TC center at the time of 

the occultation. Since the times of the dropsonde launches vary, their storm-relative 

positions are approximate with respect to the TC center, but accurate with respect to the 

occultation. The average dropsonde location was also plotted, and is generally close to 

the occultation. 

 Vertical profiles of temperature T, vapor pressure Pw, and N for each of the three 

datasets: GPS, NCEP, and an average of the dropsondes within 300 km of the GPS RO 

were plotted to investigate how GPS and NCEP compare with dropsonde observations. 

The derivation of the variables Pw and N from dropsonde variables T and relative 

humidity RH is briefly described. First, the saturation vapor pressure Psat for the T
drop

 at 

each level were calculated using the Clausius-Clapeyron equation, given by: 
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, (3.9) 

where mv is the molecular mass of water vapor, L is the latent heat of evaporation 

(sublimation) when T is above (below) 273 K, R
*
 is the universal gas constant, and T is 

the ambient temperature. Once Psat was calculated, RH was used to obtain the 

dropsonde vapor pressure drop

wP  by using: 
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The calculated vapor pressure drop

wP  is then used with temperature T
drop

 and pressure 

P
drop

 to calculate refractivity N
drop

 using the first two right-hand terms in Equation (3.3). 

 The variables GPS

wetT and GPS

wP were calculated at CDAAC from N
GPS

 in four steps. 

First, a value of GPSP0 is chosen at a level above the moisture level (usually above 10 

km). Then, ancillary temperature Tanc (usually from ECMWF analyses) and Pw 

(initially assumed to be equal to 0) are used to solve for GPS pressure from dry air and 

water vapor combined or “wet pressure” GPS

wetP by 

∫ 
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Figure 3.22. Storm-relative locations of GPS ROs 

(red dots) and dropsondes within 300 km of ROs 

(open squares), and the mean dropsonde location 

(blue stars) for (a)-(e) cases 1-5, respectively. The 

storm center is interpolated to the time of the 

occultation, but not to the dropsondes, therefore, the 

dropsondes’ storm-relative positions are approximate, 

but are accurate with respect to their respective 

occultations. 

a) 

Case 1 

b) 

Case 2 

c) 

 

Case 3 

d) 

Case 4 

N

e) 

Case 5 
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 where g(z) is the acceleration due to gravity, and  c1, c2, and Rdry are constants. Finally, 

)( 1zPGPS

wet from Eq. (3.11) is used to solve for )(zPGPS

w  by 

2

1

2 )()()()(
)(

c

zTzPczNzT
zP anc

GPS

wet

GPS

ancGPS

w

−
= . (3.12) 

The value of )(zPGPS

w obtained in Eq. (3.12) is then placed into Eq. (3.11) to solve for 

new values of GPS

wetP , and the process is repeated until )(zPGPS

w converges. 

 

 

 

 

 

Figure 3.23. Profiles of temperature (left), vapor pressure (middle) and refractivity (right) for the 

mean of dropsondes within 300 km of RO overlaid on NCEP analysis, and GPS RO profiles (all 

solid) displayed with dropsonde-NCEP (red dashed) and GPS-NCEP difference (black dashed) for 

(a)-(e) Cases 1-5, respectively. Note: profiles of differences are plotted against the top x-axis. 

 

a) 

Case 1 
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Figure 3.23-continued.  

 

 

 

 

 Figure 3.23 shows the five sets of vertical profiles of T, Pw, and N derived from 

GPS, NCEP, and averaged dropsonde profiles within 300 km of the GPS RO overlaid 

on both the NCEP-minus-dropsonde and GPS-minus-dropsonde differences. The 

lowest height displayed on the vertical axis is roughly the lowest height of the 

processed RO data, and the highest height is where dropsonde measurements began. No 

vertical interpolations of the data were used in these profiles, so the resolutions among 

the profiles vary substantially. Dropsonde profiles were averaged to a vertical 

resolution of about 0.2 km and the GPS profiles’ resolution is about 3 m or ~0.003 km. 

However, GPS

wetT and GPS

wP  have a 0.1 km vertical resolution, which is the resolution 

available for these parameters. NCEP data and vertical resolutions were previously 

discussed. The differences were calculated at 0.2 km resolution. 

b) 

Case 2 
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Figure 3.23-continued.  

 

 

 

 

 In Case 1, the GPS

wetT variable compares with T
drop

 better than does T
NCEP

, with 

generally a RMSD of 1°C throughout the entire layer. However, both GPS

wP and N
GPS

 

deviate more from the dropsonde than the respective NCEP variables. In Case 2, both 

GPS and NCEP variables are quite close to their respective dropsonde variables. 

Overall, GPS is closer to dropsonde, except T
GPS

 above 10.5 km and all GPS variables 

in the 7-8 km layer. Close inspection of Figure 3.23c, it can be seen that Case 3 profiles 

compare best, due to the close agreement between GPS and the dropsondes, as well as 

NCEP. The profiles of GPS

wP and drop

wP  show the same Pw structure below 10 km. In Case 

4, T
GPS

 is closer to the T
drop

 below 6.6 km, but T
NCEP

 is closer to T
drop

 above 6.6 km. The 

c) 

Case 3 
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Figure 3.23-continued. 

 

 

 

 

opposite is true for GPS

wP and N
GPS

. GPS measured warmer, drier conditions from 6.6 

km to 13.6 km than the nearby dropsondes. In Case 5, GPS resolves an inversion layer 

around 7.5 km, while the dropsondes measured an isothermal layer from 7.0-7.5 km. 

Obviously, NCEP did not resolve these features of the thermal structure. Case 4 also has 

a near-isothermal layer in the GPS

wetT profile at about 6.75 km MSL altitude, but not in the 

T
drop

 profile. The vertical structures of GPS

wP and drop

wP  in Case 5 are not, in general, the 

same. However, both GPS

wP and drop

wP are smaller than NCEP

wP throughout the layer above 

3.75 km. A noticeable dry layer (~5.5-6.5 km), relative to NCEP, is also measured by 

both GPS and dropsondes (Fig. 3.23e).  

d) 

Case 4 
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 In all five cases, the vertical structures of N closely resemble their respective Pw 

structures. Values of GPS

wP  are greater than drop

wP values in all the cases, except in Case 5 

below 5 km and in Case 1 below 2.6 km, which suggests that there may be a positive 

(GPS-dropsonde) Pw bias in an approximate 3-7 km layer. A positive bias may be 

generalized with many more profiles in various storms and regions of the Atlantic. 

 

 

 

 

  

 

Figure 3.23-continued.  

 

 

 

 

 

 

e) 

Case 5 
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 These cases illustrate that GPS RO profiles can resolve the same thermodynamic 

structures as dropsondes, and therefore, can be quite a beneficial addition to HRD 

dropsonde observations. The potential to observe thermodynamic structures of TCs far 

out at sea or over land where Air Force reconnaissance do not embark upon flights can 

aid NHC forecasters in predicting TC track and intensity through improvements in TC 

initialization and, in turn, NWP. Additional GPS missions are planned for the 

near-future and will allow for many more observations within TC environments than 

currently exists. 

 

3.6 Summary and Conclusions 

 

 GPS RO variables were analyzed both globally and in TC environments to help 

ascertain their potential for application. The global study utilized CHAMP and SAC-C 

data for the month of May 2002. Considerations included land versus ocean, cloud 

category comparisons, and diurnal cycle of observations. In the TC study, the GPS ROs 

were chosen for the 2001-2003 North Atlantic hurricane seasons using both CHAMP 

and SAC-C data. Vertical profiles of GPSα , NCEPα , GPSN , and NCEPN  were compared 

and bias and RMSD statistics were calculated. Since TC environments are usually quite 

moist, especially in the lower troposphere, it was expected that N
GPS

 would be smaller 

than N
NCEP

 in the lower troposphere (due to multi-path effects and superrefraction of 

the GPS ray). 

 Results from the global study were useful in providing a general idea of the quality 

of GPS RO data. Contrary to what was expected, the land and ocean comparisons 

showed that stronger negative biases, especially below 2.5 km, were over land. A slight 

positive N-bias existed over the ocean in the 2.5-4 km layer, suggesting that above the 

superrefractive layer, higher moisture content is observed by GPS over the ocean that is 

not resolved by NCEP. Cloud environments were also associated with stronger negative 

α-biases below 4 km, but stronger positive α-biases in the 4-8 km layer. The diurnal 

cycle of the RO measurements were quite unexpected, with most of the observations 
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occurring between 0800-1600 local zone time and 2000-0400 local zone time, which 

were not specified in the GPS missions. 

 The TC analysis results presented here gave much evidence that GPS RO profiles 

deviate from NCEP more near the center of TCs. Values of N
GPS

 tend to be much larger 

closer to the center of hurricanes, consistent with N
NCEP

 values. Overall, GPS deviated 

from NCEP more in hurricanes compared to TS and TD environments. However, since 

the number of cases in this study was limited, TC intensity influences on GPS RO 

signals need further study for validation. Convection and high amounts of water vapor 

are quite prevalent in all TC environments. Therefore, it is quite possible that no 

significant relationship between GPS RO deviations from NCEP and TC intensity will 

be found. 

 Values of αGPS
 tend to be underestimated below about 2.5 km MSL altitude. 

Meanwhile, from ~2.5-6 km αGPS
 values tend to be appreciably larger than αNCEP

; with 

same in N values. The negative bias is likely due to superrefraction errors, while a 

possible explanation for the positive N-biases is that NCEP analysis data are unable to 

resolve the higher moisture contents near the center of TCs, and hence, lower αNCEP
 and 

N
NCEP

 values result. This is evidenced by positive biases in N
drop

 values, directly related 

to drop

wP biases. Overall, GPS variables compared well with the averaged dropsonde 

variables. 
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CHAPTER FOUR 

CONCLUSIONS 

 

 

 

 

Two different types of observations within TC environments were investigated, 

QuikSCAT surface winds and GPS RO vertical profiles. QuikSCAT data provide the 

present observation network with high resolution surface wind observations. GPS RO 

data provide the present observation network with high vertical resolution bending 

angle (α) and refractivity (N) profiles in which thermal and moisture profiles can be 

derived. 

The primary issue with QuikSCAT surface winds addressed in this study was the 

rain-contamination of wind vectors, causing wind speed and direction errors. NHC 

parameters Vmax, Rmax, and max

34ktR from NHC advisories were used to compare to the Vmax, 

Rmax, and max

34ktR  derived objectively from QuikSCAT wind vectors. The amount of 

random error in both the QuikSCAT-derived parameters and those obtained from the 

NHC were quite large and need to be considered when looking at biases and RMSDs. 

The primary concerns of the GPS RO data were a negative N-bias in the lower 

troposphere, due mostly to high ambient water vapor content. GPS RO α and N profiles 

were compared with α and N derived from NCEP analysis data. Biases and RMSDs 

were used to quantify GPS data’s deviations from NCEP. Also, several dropsondes 

were used to ascertain GPS RO data’s potential to supplement the present HRD 

observations of TC environments. 

Bias investigations showed that R34kt and Rmax were more affected by Rout or the 

outermost radius of storm circulation estimations while Vmax was most affected by rain 

contamination. QuikSCAT parameters had more variability than NHC, as indicated by 

the larger standard deviations. Again, this was likely due to estimating storm circulation 

radii that were too large, resulting in high winds located outside of the TC environment 

being counted as part of the TC, in addition to rain effects on QuikSCAT wind speeds 
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within the TC environment. This is especially a problem with weak TCs in which 

nearby disturbances have heavy rain and strong winds. The majority of the questionable 

wind radii were associated with TCs with NHC Vmax values that were less than 40 kt, 

providing more evidence of this. These weak systems were the most difficult in which 

to determine a limit on the circulation extent of the TC, resulting in R34kt and Rmax 

calculations which were much larger than NHC estimates. 

The variable Vmax correlated well in all regions of the Atlantic, while R34kt and Rmax 

correlations were significant in only specific regions. The highest correlations of R34kt 

and Vmax were in the NWATL, while QuikSCAT parameters correlated least with NHC 

parameters in the EATL. It was also noted that the NHC forecasters used QuikSCAT 

surface winds in real-time in the adjusting of Vmax and R34kt for TC advisories in both the 

NWATL and EATL about one-third of the time. Therefore, it can be concluded that 

latitude may be a factor in the accuracy of QuikSCAT-derived parameters given the 

evidence of the Vmax and R34kt correlations between QuikSCAT and NHC. Possibly, rain 

contamination may not be as severe in higher latitude TCs due to lower convective rain 

rates and less overall convection within TC environments. More analyses are needed to 

substantiate this, however. 

Some findings in the comparisons of GPS RO profiles with NCEP profiles were 

presented. It was found that moisture contributes the greatest source of variability in 

GPS RO α and N in the lowest levels of the troposphere. GPS was found to deviate 

more from NCEP in the lower levels closest to the center of TCs. Below 2.5 km MSL, 

αNCEP
 and N

NCEP
 values tend to be substantially larger than values of αGPS

 and N
GPS

. In 

the 2.5-6.0 km MSL altitude layer, GPS values tend to be significantly larger than 

NCEP values, resulting in a positive bias. Superrefraction of the GPS RO signal is 

likely the main source of negative bias from the surface to 2.5 km MSL altitude and 

coarse horizontal resolutions and subsequent interpolations of the NCEP data may be a 

source of the positive bias in the 2.5-6.0 km layer. Also, GPS RO comparisons with 

dropsondes showed that GPS RO profiles can resolve the same thermodynamic 

structures as dropsondes, such as temperature inversions, steep lapse rates, moist and 

dry layers, illustrating the utility of the data. Overall, GPS RO profiles match 
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dropsonde profiles, while NCEP profiles also matches dropsonde profiles as well. 

Many of these findings are quite encouraging for the application of these datasets 

to TC analyses and initializations. QuikSCAT surfaces winds, after removal of 

rain-contaminated data, can be used to produce high-resolution horizontal wind fields. 

GPS RO profiles can provide high-resolution vertical thermodynamic structures within 

TC environments through the entire troposphere, if bias corrections are determined and 

implemented. Through various BDA methods, these QC measures can be conducted 

simultaneously with incorporating these observations into background fields. 

Following this work, incorporating QuikSCAT surface winds and GPS RO 

refractivity data into TC initialization is the next step. The goal is to seek an effective 

way of incorporating QuikSCAT surface winds and GPS RO observations into a BDA 

scheme for improving the initialization of weak TCs and assessing the potential impact 

of these observations to the prediction of TC development, in the hopes that TC track 

and intensity forecasts continue to improve in the future. 
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APPENDIX 

SIMPLE LINEAR LEAST-SQUARES REGRESSION EQUATIONS 

 

 

 

 

In this study, the model variable is the independent variable, i.e., the x-coordinate, and 

the observed variable is the dependent variable, i.e., the y-coordinate: 

ix : NHC-derived and EBTRK-derived parameters, NCEP-derived variables, etc. 

iy : QuikSCAT-derived parameters, GPS RO-derived variables 

The equation of the regression line can be written as: 
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All the summations of the ith observation are from i=1, n and n is the number of 

observations in the analysis, i.e., the number of points in the respective scatter plots. 

The functional minimized in this least-squares method is: 
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The coefficient of determination, 2r is the “goodness of fit” of the regression line to the 

data and can be expressed as: 
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where 01
ˆ bxby ii +=  (Brunk 1960). 

The formulas for the mean, standard deviation, correlation coefficient, used in this 

study are 
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respectively. Equation (A.8) is also referred to as the Pearson’s coefficient, and its 

magnitude is equal to the square root of the coefficient of determination (A.5), because 

(A.5) is derived using the linear least squares method (Weisstein 2004). 



 113

REFERENCES 

 

 

 

 

Anthes, R. A., C. Rocken, and Y. Kuo, Applications of COSMIC to Meteorology and 

Climate. Terrestrial, Atmospheric and Ocean Sciences, 11, 115-156, 2000. 

 

Ao, C. O., T. K. Meehan, G. A. Hajj, A. J. Mannucci, and G. Beyerle, 2003: 

Lower-Troposphere Refractivity Bias in GPS Occultation Retrievals, J. Geophys 

Res., 108 (D18), 4577, doi:10.1029/2002JD003216. 

 

Atallah, E. H. and L. F. Bosart, 2003: The Extratropical Transition and Precipitation 

Distribution of Hurricane Floyd (1999). Mon. Wea. Rev., 131, 1063-1081. 

 

Atlas, R., S. C. Bloom, R. N. Hoffman, E. Brin, J. Ardizzone, J. Terry, D. Bungato, and 

J. C. Jusem, 1999: Geophysical validation of NSCAT winds using atmospheric 

data and analyses. J. Geophys. Res., 104, 11,405-11,424. 

 

Bourassa, M. A., D. M. Legler, J. J. O’Brien, and S. R. Smith, 2003: SeaWinds 

Validation with Research Vessels, J. Geophys. Res., 108, 3019, DOI 

10.1029/2001JC001081. 

 

Brunk, H. D., 1960: An Introduction to Mathematical Statistics. Ginn and Company: 

Boston, 403 pp. 

 

Courtier, P., E. Andersson, W. Heckley, G. Kelly, J. Pailleux, F. Rabier, J.-N. Thépaut, 

P. Undén, D. Vasiljevic, C. Cardinali, J. Eyre, M. Hamrud, J. Haseler, 

A. Hollingsworth, A. McNally, and A. Stoffelen, 1993: Variational assimilation at 

ECMWF. ECMWF Tech. Mem. 194. 

 

DeMaria, M., 1999: Satellite Applications in Tropical Weather Forecasting. Available 

online at <http://www.comet.ucar.edu/class/satmet/ 

 11_Apr19_1999/html/demariamn/index.htm> 

 

DeMaria, M., 2004: Extended Best Track Dataset, version 1.6. Available online at 

<ftp://ftp.cira.colostate.edu/demaria/ebtrk/> 

 

DeMaria, M., and J. Kaplan, 1994: A Statistical Hurricane Intensity Prediction Scheme 

(SHIPS) for the Atlantic basin. Wea. Forecasting, 9, 209-220. 

 

DeMaria, M., and J. Kaplan, 1999: An updated Statistical Hurricane Intensity 

Prediction Scheme (SHIPS) for the Atlantic and eastern Pacific basins. Wea. 



 114

Forecasting, 14, 326-337. 

 

Duffy, D. G. and R. Atlas, 1986: The impact of seasat-A scatterometer data on the 

numerical prediction of the Queen Elizabeth II Storm. J. Geophys. Res., 91,  

2241-2248. 

 

Elsner, J. B., and A. B. Kara, 1999: Hurricanes of the North Atlantic: Climate and 

Society. New York: Oxford University Press, 488 pp. 

 

Emanuel, K. A., 2000: A Statistical Analysis of Tropical Cyclone Intensity. Mon. Wea. 

Rev., 128, No. 4, 1139-1152. 

 

Evans, C., 2004: Quantification of Cloud and Inversion Properties Utilizing the GPS 

Radio Occultation Technique. Undergraduate Thesis. 

 

Franklin, J., 2005: Personal Communication. 

 

Gandin, L. S., 1963: Objective Analysis of Meteorological Fields. (Translated by Israel 

Program for Scientific Translations). 

 

Geerts, B., and E. Linacre, 1997: The height of the tropopause. (Cited in Jun 2005) 

[Available online at: 

<http://www-das.uwyo.edu/~geerts/cwx/notes/chap01/tropo.html>] 

 

Gorbunov, M. E., 2001: Radioholographic methods for processing radio occultation 

data in multipath regions. Danish Meteorological Institute Scientific Report 

(Copenhagen), (01-02). 

 

Gorbunov, M. E., 2002: Canonical transform method for processing radio occultation 

data in the lower troposphere. Radio Sci., 37(5): 10.1029/2000RS002592. 

 

Hajj, G.. A., E. R. Kursinki, L. J. Romans, W. I. Bertiger, and S. S. Leroy, 2002: A 

techanical description of atmospheric sounding by GPS occultation. J. 

Atmospheric and Solar-Terrestrial Phys., 64(4): 451-469. 

 

Hennon, C., 2004: Personal Communication. 

 

Heymsfield, A. J., and C. M. R. Platt, 1984: A parameterization of the particle size 

spectrum of ice clouds in terms of the ambient temperature and the ice water 

content. J. Atmos. Sci., 41(5), 846-855. 

 

Hoffman, R. N., C. Grassotti, and S. M. Leidner, 2004: SeaWinds validation: effect of 

rain as observed by east coast radars. J. Atmos. Oceanic. Technol., 21(9), 

1364-1377. 



 115

Huddleston, J. N. and B. W. Stiles, 2000: Multidimensional Histogram (MUDH) Rain 

Flag, product description Version 3.0, Jet Propulsion Laboratory, California 

Institute of Technology. 

Isakessen, L. and A. Stoffelen, 2000: ERS scatterometer data in the ECMWF 4D-Var 

assimilation system. Preliminary studies. Space at the Service of Our Environment, 

Florence, Italy, ESTEC, European Space Agency SP-414, 1829-1851. 

Jones, J., Stats: Regression. (Cited May 20, 2004) [Available online at 

<http://www.richland.cc.il.us/james/lecture/m170/ch11-reg.hmtl>.] 

 

Klein, P. M., P. A. Harr, and R. L. Elsberry, 2000: Extratropical transition of western 

North Pacific tropical cyclones: an overview and conceptual model of the 

transformation stage. Wea. Forecasting, 15, 373-396. 

 

Knaff, J. A., M. DeMaria, C. R. Sampson, and J. M. Gross, 2003: Statistical, 5-day 

tropical cyclone intensity forecasts derived from climatology and persistence. Wea. 

Forecasting, 18, 80-92. 

 

Kuo, Y.-H., T.-K. Wee, S. Sokolovskiy, C. Rocken, W. Schreiner, D. Hunt, and R. A. 

Anthes, 2004: Inversion and Error Estimation of GPS Radio Occultation Data. J. 

Met. Soc. Japan, 82(1B), 507-531. 

 

Kursinki, E. R., G. A. Hajj, J. T. Schofield, R. P. Linfield, and K. R. Hardy, 1997: 

Observing Earth’s atmosphere with radio occultation measurements using the 

Global Positioning System. Journal of Geophysical Research, 102, 

23,429-23,465. 

 

Leidner, S. M., L. Isaksen, and R. N. Hoffman, 2003: Impact of NSCAT winds on 

tropical cyclones in the ECMWF 4D-Var assimilation system. Mon. Wea. Rev., 

131, 3-26. 

 

Lenzen, A. J., and D. R. Johnson, 1993: Analysis of the impact of Seasat scatterometer 

data and horizontal resolution on GLA model simulations of the QE II storm. Mon. 

Wea. Rev., 121, 499-521. 

 

Lorenc, A., 1986: Analysis methods for numerical weather prediction. Quart. J. Roy. 

Meteor. Soc., 112, 117-1194. 



 116

 

Martin, C., 2004: ASPEN User Manual. UCAR, 59 pp. 

 

Mears, C. A., D. K. Smith, and F. J. Wentz, 2000: Detecting Rain with QuikSCAT, Proc. 

Of Int. Geoscience and Remote Sensing Symp., 3, Honolulu, HI, IEEE, 1235-1237. 

 

Merrill, R. T., 1984: A comparison of large and small tropical cyclones. Mon. Wea. Rev., 

112, 1408–1418. 

 

Meyers, M., T. A. Wikle, J. W. Helmer, B. Demers, Q. Jiangming. History of GPS, 2003, 

[available online at <www.geog.okstate.edu/gpstools/history.htm>] 

 

McBride, J. L., 1995: Tropical cyclone formation. Chapter 3 of Global Perspectives on 

Tropical Cyclones, R. Elsberry, ed., World Meteorological Organization, 63-105. 

 

Naderi, F. M., M. H. Freilich, and G. D. Long, 1991: Spaceborne radar measurements of 

wind velocity over the ocean: An overview of the NSCAT scatterometer system, 

Proc. IEEE, 79, 850-866. 

 

Neumann, C. J., B. R. Jarvinen, C. J. McAdie, and G. R. Hammer, 1999: Tropical 

cyclones of the North Atlantic Ocean, 1871-1998, NOAA, Historical Climatology 

Series 6-2, 206 pp. 

 

Odom, C., Physics Tutorial: Linear Regression. (Cited May 20, 2004) [Available online 

at http://phoenix.phys.clemson.edu/tutorials/regression.]  

 

Park, K. J. and X. Zou, 2004: Toward developing an objective 4D-Var BDA scheme for 

hurricane initialization based on TPC observed parameters, Mon. Wea. Rev., 132, 

2054-2069. 

 

Parrish, D. F. and J. Derber, 1992: The National Meteorological Center’s spectral and 

statistical-interpolation analysis system. Mon. Wea. Rev., 120, 1747-1763. 

 

Patoux, J., and R. A. Brown, 2002: A gradient wind correction for surface pressure 

fields retrieved from scatterometer winds. J. Appl. Meteor., 41, 133-143. 

 

Portabella, M., and A. Stoffelen, 2001: Rain detection and quality control of SeaWinds. 

J. Atmos. Oceanic Technol., 18, No. 7, 1171-1183. 

 

Powell, M., S. Houston, L. Amat, and N. Morisseau-Leroy, 1998: The HRD real-time 

hurricane wind analysis system, J. Wind. Engr. Ind. Aerondyn., 77 & 78, 53-64. 

 

Reigber, C., GFZ Potsdam. Mission and Orbit. (Cited May 3, 2004) [Available online at 



 117

<http://op.gfz-potsdam.de/champ/orbit/index_PRD.html>.] 

 

Rocken C., R. Anthes, M. Exner, D. Hunt, S. Sokolovskiy, R. Ware, M. Gorbunov, W. 

Schreiner, D. Feng, B. Herman, Y.-H. Kuo, X. Zou, 1997: Analysis and validation 

of GPS/MET data in the neutral atmosphere. Journal of Geophysical Research, 

102, 29849-29866. 

 

Shirtliffe, G. 1999. QuikSCAT Science Data Product User's Manual. Pasadena: Jet 

Propulsion Laboratory. Publication D-18053. 

 

Sokolovskiy, S.V., 2003: Effects of super refraction on inversions of radio occultation 

signals in the lower troposphere. Radio Sci., 38(3) 1058, 

doi:10.1029/2002RS00278. 

 

Stoffelen A., 1998: Toward the true near-surface wind speed: Error modeling and 

calibration using triple co-location. J. Geophys. Res., 103, 7755-7766. 

 

Titley, D. M., and R. L. Elsberry, 2000: Large Intensity Changes in Tropical Cyclones: 

A Case Study of Supertyphoon Flo during TCM-90. Mon. Wea. Rev., 128, No. 10, 

3556-3573. 

 

Tomassini, M., D. LeMeur, and R. W. Saunders, 1998: Near-surface satellite wind 

observations of hurricanes and their impact on ECMWF model analyses and 

forecasts. Mon. Wea. Rev., 126, 1274-1286. 

 

Weissman, D. E., M. A. Bourassa, and J. Tongue, 2002: Effects of rain rate and wind 

magnitude on SeaWinds scatterometer wind speed errors. J. Atmos. Oceanic. 

Technol., 19, 738-746. 

 

Weisstein, E. W.: "Correlation Coefficient." From MathWorld--A Wolfram Web 

Resource. <http://mathworld.wolfram.com/CorrelationCoefficient.html> [Visited 

December 2004]. 

 

Weisstein, E. W.: "Snell’s Law" From ScienceWorld--A Wolfram Web Resource. 

<http://scienceworld.wolfram.com/physics/SnellsLaw.html> [Visited June 2005]. 

 

Wentz, F. J., D. K. Smith, C. A. Mears, C. L. Gentemann, 2001: Advanced algorithms 

for QuikSCAT and SeaWinds/AMSR. IGARSS’01 Proceedings. 

 

Wickert, J., C. Reigber, G.. Beyerle, R. Konig, C. Marquardt, T. Schmidt, L. Grunwaldt, 

R. Galas, T. K. Meehan, W. G. Melbourne, and K. Hocke, 2001: Atmosphere 

sounding by GPS radio occultation: First results from CHAMP. Geophys. Res. 

Lett., 28(17): 3263-3266. 

 



 118

Willoughby, H. E., 1996: Mature Structure and Evolution. Global Perspectives on 

Tropical Cyclones, R. L. Elsberry (ed.). World Meteorological Organization, 

Report No. TCP-38; Geneva, Switzerland, 62 pp. 

 

Wolshon, B., E. Urbina, and M. Levitan, 2001: National review of hurricane evacuation 

plans and policies, LSU Hurricane Center, 34 pp. 

 

Xiao, Q., Zou X., and Wang B., 2000: On the initialization and prediction of a 

landfalling hurricane using a variational bogus data assimilation scheme. Mon. 

Wea. Rev., 128, 2252–2269. 

 

Yunck, T. P., C.-H. Liu, and R. Ware, 2000: A History of GPS Sounding. Terrestrial, 

Atmospheric and Ocean Sciences, 11(1), 1-20. 

 

Yunck, T., G. Hajj, J. LaBrecque, M. Purucker, and C. Raymond. Progress Report on the 

SAC-C GOLPE and Magnetic Mapping Package, Aug 15, 2002. [Available online 

at http://orbis.conae.gov/ar/sac-c/sacc-progress.html.] 

 

Zou, X., F. Vandenberghe, M. Pondeca, and Y.-H. Kuo, 1997: Introduction to Adjoint 

Techniques and the MM5 Adjoint Modeling System. NCAR Tech. Note, 

TN-435-STR, 110 pp. 

 

Zou, X., and Q. Xiao, 2000: Studies on the initialization and simulation of a mature 

hurricane using a variational bogus data assimilation scheme. J. Atmos. Sci., 57, 

836-860. 

 

Zou, X., Xiao Q., Lipton A. E., and Modica G. D., 2001: A numerical study of the effect 

of GOES sounder cloud-cleared brightness temperatures on the prediction of 

Hurricane Felix. J. Appl. Meteor., 40, 34–55. 



 119

BIOGRAPHICAL SKETCH 

 

 

 

 

Education 

• Florida State University . Tallahassee, FL 

- Meteorology - M.S. (2005)  

• University of North Dakota Grand Forks, ND 

- Atmospheric Sciences - B.S. (2003)  

Experience 

• Department of Meteorology, Florida State University (2003-Present) 

Graduate Research Assistant 

• National Weather Service-Glasgow, Glasgow, MT (2002 and 2003) 

STEP/SCEP Employee 

• Department of Atmospheric Sciences, University of North Dakota (2002) 

Teaching Assistant 

Interests and Activities 

• Intervarsity Christian Fellowship, University of North Dakota 

• Member of American Meteorological Society 

• Chi Epsilon Pi meteorological honor society 

 

 

 


	The Florida State University
	DigiNole Commons
	7-8-2005

	Exploring Potential Applications of QuikSCAT Surface Winds and GPS Radio Occultation Data to Tropical Cyclone Initialization and Prediction
	Andrew Royal Kimball
	Recommended Citation


	FrontPages
	ARK

