
ABSTRACT 

SUN, XIA. Improving Preseason Atlantic Hurricane Prediction by Incorporating Air-Sea Moisture 
Flux in Ensemble Statistical and Machine Learning Models. (Under the direction of Dr. Lian Xie). 
 

The present study attempts to improve the preseason hurricane prediction through two as-

pects: incorporating novel predictors based on the examination of multiple tropical cyclones (TC) 

events and exploring the scenarios which can potentially benefit from the ensemble and machine 

learning techniques. The concept of successive hurricane event is proposed in this study to describe 

the grouped breakouts of TCs over the Atlantic Basin, which is frequently observed in recent years.  

Through the past predictions for the Atlantic hurricane season released by the NCSU group, with 

less active SHE years included, there are obvious drop in the mean absolute errors between the 

observed and predicted number of named storms. Similar findings are found as well with predic-

tions issued by the Colorado State University group.  

Therefore, to further understand its climatological characteristics and the potential envi-

ronmental features that are conducive for its development, this study starts with examinations on 

its temporal, spatial features and mean environmental circulations through the composite analysis. 

Although TC-induced Rossby waves could explain a majority of the occurrence of Atlantic SHEs, 

it is limited to TC pairs only when the newly formed TC appears to the east of the pre-existing TC. 

The composite analysis on various time scales reveals that it could be the low-frequency motions 

in the background that plays a significant role in favoring and modulating the Atlantic SHEs. Sig-

nals such as warmer sea surface temperature anomalies, increased moisture in the mid-tropospheric 

levels and enhanced convective activity, are associated with the active SHE seasons.  

The important role of moisture is further investigated with the sensitivity experiments. In 

the month-long numerical simulations, with the quantitative analysis of water vapor budget the 

horizontal and vertical transports of water vapor become less effective in a dry environment. It 

further suppresses the convective activity and reduced the latent heat flux (LHF) related to the 

strengthening and development of TCs, resulting in the inactivity of SHE. The change of LHF with 

time is consistent with that of TC intensity in terms of the detected maximum surface winds caused 

by the dry environment. Pearson correlation coefficients between the reduced LHF amount and 

decreased TC intensity are higher than 0.80 for all the TCs considered in the current study. Based 

on such findings and considering that the current preseason forecast models do not incorporate the 



moisture variable directly, we introduce LHF as a proxy to measure the change of moisture into 

our statistical forecast models.    

For the past preseason predictions, a generalized linear model with Lasso regularization is 

adopted. Although the individual models show limitation for the responses, especially in the sub-

region areas, the models show superior skills compared to the climatology, especially for the num-

ber of named storms in the whole Atlantic Basin. With the simple averaging ensemble, the mean 

H-score (0.65) for the Atlantic TC counts is in line with those report by other groups: 0.60 from 

Colorado State University and 0.77 from the Tropical Storm Risk. Except for the Gulf of Mexico 

TC counts, ensemble forecasts score higher than the best individual models. Take the forecast for 

2021 season as example, with the ensemble technique, using the top-two to top-five models gen-

erally perform better than using six or more models. However, the performance of the ensemble 

forecasts optimized by the machine learning techniques is inevitably limited by the skills of the 

ensemble members. The common weaknesses among the ensemble members cannot be overcome 

by using the optimization techniques. In such a scenario where all existing models suffer from the 

systematic biases, new models or modeling approaches should be considered instead of attempting 

to optimize sub-ensembles of existing biased models. 
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Chapter 1: Introduction 

1.1 Motivation  

Tropical cyclones (TC), known as hurricanes in the Atlantic Ocean and Eastern Pacific, are 

extreme weather systems on Earth that have far reaching adverse impacts on the human society 

(Grinsted et al., 2019, Doocy et al., 2013) and are the costliest natural disasters in the United States 

(Smith and Katz, 2013). The destructive wind and heavy rainfall accompanied with their passages 

give rise to catastrophic economic, social and ecological impacts. Hurricane Katrina, as the most 

destructive and costliest storms impacting the United States on record, caused 1833 deaths (Knabb 

et al., 2005, https://www.nhc.noaa.gov/data/tcr/AL122005_Katrina.pdf), $125 billion in damages 

in 2005 and approximate $161 billion with inflation considered (Blake et al., 2011). It also pro-

duces massive loss of biomass along the Gulf Coast, with almost ten times larger tree mortality 

rate after the storm (Chapman et al., 2008). In addition, as the most extreme season before 2020, 

2005 season also witnesses the most active concurrence of multiple tropical cyclones. The strikes 

from multiple concurrent or successive hurricanes undoubtably make the precautionary measures 

further complicated and eventually cause enormous devastations. Governmental agencies and non-

governmental organizations dealing with TC disaster preparedness planning and post-disaster hu-

manitarian relief efforts, and industries dealing with the potential impacts from TCs rely on skillful 

seasonal predictions of TC activities for their preseason decisions. 

Owing to the predictable signals of hurricanes, preseason hurricane forecasts can be traced 

back to the pioneering work done by Neville Nicholls at the Australian Bureau of Meteorology for 

the Australian region (Nicholls, 1984) and William Gray at Colorado State University (CSU) for 

the Atlantic Basin since 1984 (Gray, 1984). The methodologies currently used to produce presea-

son TC forecasts include multivariate regression models (Gray, 1984; Landsea et al., 1994; Keith 

and Xie, 2009), dynamic models (Vitart et al., 1997; Vitart and Stockdale, 2001; Camargo and 

Wing, 2005), and hybrid statistical-dynamical approaches (Wang et al., 2009; Kim and Webster, 

2010; Vecchi et al., 2011; Klotzbach et al., 2020), which uses statistical model to relate the large-

scale climate factors that are predicted by the dynamical models to hurricane activities. Klotzbach 

et al. (2019), following the work by Camargo et al. (2010), updates and summarizes the skills and 

scopes of the preseason forecasts of TC activity issued by twelve agencies, including both publicly 

available and unavailable forecasts. More agencies and universities contribute to issuing the pre-

season TC forecast in the recent years. Outlooks from 23 contributing groups have been organized 
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and updated each season for the Atlantic hurricane activity on a collation website: https://season-

alhurricanepredictions.bsc.es.    

The reliability and utility of such long-range forecasts have met some skepticism from the 

public. Findings from several studies also showed that the skills of preseason forecasts issued by 

various groups were marginal (Klotzbach and Gray, 2004; Blake et al., 2008; Klotzbach et al., 

2017). Klotzbach et al. (2019) found that Atlantic pre-seasonal forecasts for 2003-2018 show low 

skill levels in April outlooks (𝑟 <0.2) issued by CSU and National Oceanic and Atmospheric Ad-

ministration (NOAA). And there are modest to high levels of skill in early June outlooks (𝑟~0.2-

0.4) which are further updated in the middle of hurricane season (early August, 𝑟~0.5-0.8) among 

three agencies (CSU, NOAA, and Tropical Storm Risk). In terms of the correlation for accumu-

lated cyclone energy (ACE), it is slightly better for the TSR predictions for the period of 1980-

2018, which is approximate 0.36. For an extreme season like 2005, although all groups predicted 

an above-average season ahead of the formal start of the season, most of the outlooks called for 

less than half of the number of named storms of what was observed. Besides the large errors of the 

predicted number of named storms, the limitations of the existing preseason predictions in the lack 

of spatial and temporal details, increasing errors in situation of group activities, and inconsistency 

between different measures of hurricane activity, are worth highlighting.  

Thus, there is a clear gap between the current skills of preseason TC forecasts and the 

public demand for such information. Only when such technological gap is bridged, the potential 

economic values of seasonal hurricane prediction can be fully realized (Emanuel et al., 2012). The 

purpose of this study is to improve the preseason predictions of Atlantic hurricane activity by 

identifying and incorporating novel predictors and exploring the scenarios which are likely to ben-

efit from the techniques such as machine learning techniques and ensemble forecasting.  

 

1.2 Proposed approaches 

Through analysis of hurricane observations, Gray (1977, 1979) noticed that TCs within a 

basin tend to cluster in a temporal and spatial context. During the hurricane season, TC cluster 

occurrence is concentrated within 1~2 weeks, separated by 2~3 weeks of relatively weak activity. 

Such phenomenon coincides with the frequency of the large-scale general circulation change in 

the tropical atmosphere, which occurs on time scales of 10 to 20 days. Subsequent studies (Briegel 

and Frank, 1997; Krouse and Sobel, 2010; Gao and Li, 2011, 2012; Ventrice et al., 2011) have 
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conducted various statistical and dynamical analysis on the occurrence of multiple TCs. Krouse 

and Sobel (2010) introduced the concept of multiple cyclone events (MCEs) and summarized the 

statistical information of events where one TC forms to the east of another extant TC during its 

lifetime. They found that easterly vertical shear and cyclonic low-level horizontal shear play an 

important role on the formation of a daughter cyclone. Gao and Li (2011, 2012) carried on a series 

of investigations based on a similar concept of MCEs over the western North Pacific, but they 

covered more cases by defining the event as two or more TCs forming within a relatively short 

period. They revealed the favorable large-scale conditions for multiple TCs genesis through a com-

posite analysis, including positive low-level (negative upper-level) vorticity anomalies, enhanced 

convection activity and mid-tropospheric relative humidity. Moreover, mixed Rossby-gravity 

waves and convectively active Kelvin waves have also been shown to be associated with such 

group events.  

In fact, most of the prior studies are focused on the conducive conditions of western North 

Pacific for the multiple TC events. Despite various studies interpreting the relationship between 

the large-scale oscillations and active TC seasons, there is a lack of systematic climatological study 

of multiple TCs over the Atlantic Basin. Schenkel (2016, 2017) intercompared the characteristics 

of multiple TCs among global TC basins. His findings indicated that there were similarities in 

spatial and temporal characteristics of multiple TC events among basins, which is quite unusual 

considering the significant differences in the environmental and TC characteristics in each basin. 

However, his study barely discussed the variation of the large-scale environmental flow pattern in 

active years of multiple TC events over the Atlantic Basin. 

Since a substantial number of TCs occur within a multiple TC event (~34%) for the Atlantic 

Basin (Schenkel, 2016) and such a trend is more frequently observed in recent years, a systematical 

summary of its statistical characteristic is provided in our analysis which builds upon the prior 

studies. Through the composite analyses between active and inactive seasons with regard to the 

multiple TCs, we intend to explore the existence of a stable mode integrating large-scale circula-

tion features in the tropics that supports and regulates the group activity of TCs. Earlier researchers 

draw the conclusions primarily based on the observational study of the long-term post-analysis 

datasets. Here model simulations will be employed to conduct several case studies, which will 

provide an in-depth look at the interplay among the large-scale variabilities in the presence of 

multiple TCs. Additionally, based on the identified environmental variables conducive to group 
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TC activity, we try to introduce them as novel predictors to improve the preseason hurricane fore-

casts through better describing TC group activity.  

Ensemble techniques have been widely used in weather and climate predictions to reduce 

forecast uncertainty (Palmer, 1999; Slingo and Palmer, 2011). Applications of artificial intelli-

gence in weather and climate prediction have emerged in recent years (Scher and Messori, 2018; 

Hewage et al., 2021). Combination of ensemble forecasting approaches with machine learning 

(ML) techniques has also been explored. Rasp and Lerch (2021), and Krasnopolsky and Lin (2018) 

applied neural network (NN) in postprocessing of ensemble weather forecasting and found it can 

improve ensemble forecasts over traditional ensemble approaches. With regard to seasonal hurri-

cane prediction, Jagger and Elsner (2010) demonstrated the benefit of using multi-model consen-

sus in seasonal hurricane prediction. Richmana et al. (2015) published an article showing ML 

techniques can improve seasonal hurricane prediction over traditional regression models. How-

ever, combining ML and ensemble forecasting has yet to gain wide adoption in the preseason 

prediction of hurricanes. In this study, we present a novel approach to pre-seasonal TC prediction 

based on the optimization of multimodel ensemble forecasts using machine learning techniques. 

The goal is to improve preseason prediction of Atlantic hurricane activity by optimizing ensemble 

statistical model predictions through ML techniques.  

Various datasets, numerical model settings and introductions of the statistical models and 

ML techniques are summarized in detail in the second chapter. The third chapter discusses the 

climatology of multiple TCs of the Atlantic Basin, followed by a presentation of the sensitivity 

experiments examining the related variability. In the process of assessing the reliability of the 

numerical models, a comparative study between two nudging techniques is also covered in this 

part. The discussions of introducing new predictors and the application of combining the ensemble 

forecasting with ML techniques into the preseason hurricane forecasts are presented in the fourth 

and fifth chapters. 



   

5 
 

Chapter 2: Data and method 

2.1 Data 

The records of Atlantic tropical cyclones in the past seasons are obtained from the historical 

TC database known as HURDAT (HURricane DATabase, Jarvinen et al., 1984) created by the 

National Hurricane Center (NHC). It documents detailed information of each tropical cyclone at a 

6-hour interval since 1851, including track, center pressure, wind radii, maximum sustained sur-

face wind, and so on. However, since the earlier HURDAT data is less reliable, we only focus on 

the data after 1950 in the current study. HURDAT dataset provides the information to determine 

the counts of Atlantic tropical cyclones under different scenarios.  

When discussing the preseason predictions of Atlantic hurricane season, tropical cyclone 

counts are manually determined by region and then further categorized by its peak strength within 

each region based on the Saffir-Simpson hurricane wind scale. Forecasts are made for three cate-

gories TC, HU and MH: TC includes tropical storms and hurricanes (HU) (categories 1-5), MH 

denotes major hurricanes (category 3 and higher). The three regions are the Gulf of Mexico, the 

Caribbean Sea, and the whole North Atlantic Basin (Figure 2.1). For clarity, nine response varia-

bles are listed in Table 2.1. And in the preseason forecast models, subtropical and extratropical 

storms will be excluded, and storm counts are limited to those occurred during the hurricane season.  

 
Figure 2.1 Three regions for forecast: Gulf of Mexico (bounded by the Gulf coast of the United States, 

from the southern tip of Florida to Texas; on the southwest and south by Mexico; and on the southeast by 
Cuba), Caribbean Sea (bordered by the Yucatan Peninsula and the central America on the west and south-
west; on the south by Venezuela; and the West Indies); the whole Atlantic Basin is composed of the At-

lantic Ocean, the Gulf of Mexico, and the Caribbean Sea. 
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Table 2.1 Definition of response variables. 

Response  
Variable Region Definitions 

ATTC 

North Atlantic 
Basin 

Atlantic Tropical Cyclones: counts of tropical storms, 
and hurricanes in North Atlantic 

ATHU Atlantic Hurricanes: counts of hurricanes in North 
Atlantic 

ATMH Atlantic Major Hurricanes: counts of major hurri-
canes in North Atlantic 

CATC 

Caribbean Sea 

Caribbean Sea Tropical Cyclones: counts of tropical 
storms and hurricanes in Caribbean Sea 

CAHU Caribbean Sea Hurricanes: counts of hurricanes in 
Caribbean Sea 

CAMH Caribbean Sea Major Hurricanes: counts of major 
hurricanes in Caribbean Sea 

GUTC 

Gulf of Mexico 

Gulf of Mexico Tropical Cyclones: counts of tropical 
storms and hurricanes in Gulf of Mexico 

GUHU Gulf of Mexico Hurricanes: counts of hurricanes in 
Gulf of Mexico 

GUMH Gulf of Mexico Major Hurricanes: counts of major 
hurricanes in Gulf of Mexico 

A list of monthly climate indices which potentially affect Atlantic hurricane activities are 

considered as candidate predictors. Most of these candidate predictors come from the National 

Oceanic and Atmospheric Administration (NOAA) Earth System Research Laboratory Division 

(https://psl.noaa.gov/data/climateindices/list/), including Atlantic and Pacific SST-related climate 

indices, El Nino Southern Oscillation (ENSO) related indices and atmospheric and teleconnection 

indices. In addition, measures taken over the main development region (MDR, 10°-20°N, 80°-

20°W) are incorporated as well. All the MDR indices are derived from the NCEP-NOAA Reanal-

ysis dataset at https://psl.noaa.gov/cgi-bin/data/timeseries/timeseries1.pl (Leetmaa, et al., 1996). 

Data obtained from the same source is the surface latent heat flux (LHF) which is used to compute 

the Empirical Orthogonal Functions (EOF) for the winter season prior to the next hurricane season. 

Global (GGST), North-Hemisphere (NGST) and South-Hemisphere (SGST) mean land-ocean 

temperature index, based on the GISS Surface Temperature Analysis Ver-4, are also considered 

as predictors. A total 34 monthly indices are listed in Table 2.2. Detailed definitions of these cli-

mate indices are referred to Córdoba et al. (2019). The use of these climatic indices as candidate 

predictors in seasonal hurricane prediction has been previously discussed in Keith and Xie (2009) 

and Córdoba et al. (2019). 
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Table 2.2 Nine sets of training data consisting of different combinations of covariates over different time 
domains. 

Model # Time Domain Covariates 

F1 
(March Outlook) 

F1B 
January–February 

Core 
F1N Core + NINO 
F1L Core + NINO + LHF 

F2 
(May Outlook) 

F2B 
January–April 

Core 
F2N Core + NINO 
F2L Core + NINO + LHF 

F3 
(March Outlook 
with ENSO JAS 

Forecast) 

F3B 
January–February+ 
NINO JAS Forecast 

Core 
F3N Core + NINO 

F3L Core + NINO + LHF 

 Climate In-
dex Climate Index Name 

Core 

AMM Atlantic Meridional Mode 
AMO Atlantic Multidecadal Oscillation 
AO Arctic Oscillation 

CENSO Bivariate ENSO (El Niño–Southern Oscillation) time series 
DM Atlantic Dipole Mode (DM = TNA – TSA) 
EPO East Pacific/North Pacific Oscillation index 

GGST Global Mean Land/Ocean Temperature index 
NGST North-Hemisphere Mean Land/Ocean Temperature index 
SGST South-Hemisphere Mean Land/Ocean Temperature index 

MDRSST Sea Surface Temperature averaged over Major Development 
Region (MDR) 

MDROLR Top of Atmosphere Outgoing Longwave Radiation averaged 
over MDR 

MDRSLP Sea Level Pressure averaged over MDR 
MDRU200 Zonal Wind at 200 hPa averaged over MDR 
MDRV200 Meridional Wind at 200 hPa averaged over MDR 
MDRU850 Zonal Wind at 850 hPa averaged over MDR 
MDRV850 Meridional Wind at 850 hPa averaged over MDR 
MDRVWS Vertical Wind Shear averaged over MDR 

NAO North Atlantic Oscillation 
PDO Pacific Decadal Oscillation 
PNA Pacific North American index 
QBO Quasi-Biennial Oscillation 
SFI Solar Flux (10.7 cm) 
SOI Southern Oscillation Index 
TNI Trans-Niño Index 
TNA Tropical Northern Atlantic index 
TSA Tropical Southern Atlantic index 

WHWP Western Hemisphere Warm Pool 
WP Western Pacific index 

NINO 

MEI Multivariate ENSO Index 
NINO12 Extreme Eastern Tropical Pacific SST (0–10°S, 90°W–80°W) 
NINO3 Eastern Tropical Pacific SST (5°N–5°S, 150–90°W) 
NINO34 East Central Tropical Pacific SST (5°N–5°S, 170–120°W) 
NINO4 Central Tropical Pacific SST (5°N–5°S, 160°E–150°W) 

LHF LHF.WIN LHF EOF Scores for Winter 
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The reanalysis data is a continually updated, globally gridded dataset which was created 

through the efforts from the National Centers for Environmental Prediction (NCEP) and National 

Center for Atmospheric Research (NCAR) (Kalnay et al., 1996). It has a 2.5°×2.5° latitude- lon-

gitude grid resolution of various atmospheric fields globally. More importantly, the dataset goes 

back to 1948, providing more than 70 years of data for studying the climatology and variability of 

large-scale environmental fields associated with multiple Atlantic tropical cyclone events.  

In the numerical simulations, the Climate Forecast System Reanalysis (CFSR) data (Saha 

et al., 2010 and 2014) is used to provide the initial and lateral boundary conditions required to 

drive the regional model. the analyzed products are available at 0.5° (≈55km) horizonal grid spac-

ing at 6-hour intervals. Sea surface temperature (SST) information comes from the daily Real-

Time Global SST product produced by the NCEP with resolution similar to the CFSR data 

(Thiébaux et al., 2003). 

 

2.2 Numerical models 

As a traditional dynamical downscaling, regional climate models (RCM) are nested in the 

global models, which provide initial and lateral meteorological boundary conditions. RCM is thus 

not intended to greatly modify the large-scale circulations of global climate models (GCM), but to 

produce regional-scale solutions in response to the regional forcing (Giorgi, 2006). The strategy 

underlying the nesting technique implies the potential challenge for RCMs to balance the perfor-

mance by allowing the regional-scale features to develop indigenously and simultaneously retain-

ing the large-scale features provided by the global model. However, a critical drawback comes 

from the inconsistency along the lateral boundaries since regional solutions tend to drift away from 

the large-scale driving fields. For weather phenomena that are controlled primarily by synoptic-

scale processes, errors from the faulty expression of the external large-scale circulation may result 

in a serious degradation of the ultimate solutions in the RCMs. A stronger regulation from the 

global model other than prescribing the lateral boundary conditions alone is desired. Therefore, a 

relaxation technique, also referred to as nudging is developed to mitigate such an effect.  

Within the WRF model, there are mainly two types of nudging techniques: grid (analysis) 

nudging and spectral nudging (SPNU). In grid nudging, variables at each grid point of the finer 

resolution model will be nudged towards the driving fields on the coarser grids, which means grid 

nudging is conducted indiscriminately at all scales. In contrast to grid nudging, in the spectral 
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nudging approach, the nudging term is expanded only on selected spectral scales in both zonal and 

meridional directions, so waves outside the nudging spectrum are not directly altered by nudging. 

Peng et al. (2010) proposed the use of a scale-selective data assimilation (SSDA) approach 

to inject only the large-scale components of the atmospheric circulation from the global analyses 

or forecasts and drive the regional models in the interior of the model domain as well as through 

the specifications of initial and lateral boundary conditions. The idea of SSDA is analogous to that 

of SPNU but utilizing a three-dimensional variational assimilation scheme (3D-Var) other than 

introducing a nudging term. A seasonal climate hindcasting study conducted by Peng et al. (2010) 

demonstrated that SSDA method could effectively assimilate the large-scale components from 

global analyses, resulting in an overall improvement of the regional model simulations.  

 

2.2.1 Scale-Selective Data Assimilation (SSDA) approach 

The latest SSDA modeling system is composed of the WRF model (Version 4.1) as the 

regional model, a 3D-Var scheme from the WRF’s data assimilation program (WRFDA) and a 

low-pass filter to separate large- and small-scale components from both global and regional model 

forecasts. The filter utilizes the discrete fast Fourier transform (FFT) along with a detrending pro-

gram dealing with aperiodic lateral boundaries. 

The entire simulation is achieved through a series of repeated SSDA cycles at a preset time 

interval (e.g., 6h) as the integration in the regional model advances forward in time. Specifically, 

each SSDA cycle consists of four processes: 1) the low-pass filter extracts the large-scale compo-

nents of circulation from the global analyses or forecasts (LGCM); 2) the low-pass filter separates 

the circulation simulated by the regional model into large-scale (LWRF) and small-scale (SWRF) 

components; 3) SWRF and LGCM are combined in wavenumber space to obtain the full-scale 

field, correcting the large-scale component in the regional model; 4) the combined field is assimi-

lated into the regional model using 3D-Var and keeps the simulation moving forward until next 

SSDA cycle. Since tropical cyclone (TC) tracks are predominantly steered by the large-scale en-

vironmental circulation, the filtering process is only applied to the wind field in the SSDA proce-

dure in this study. The extraction process of LGCM can be accomplished independently and the 

cycling process between WRF and WRFDA is made through input files (this process can also be 

done by updating the restart files as in earlier versions of SSDA discussed by Peng et al., 2010). 

Under such a cycling mode, both lateral and lower boundary conditions are updated based on the 
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input files to ensure consistency. For more details of the SSDA approach, the reader is referred to 

Peng et al. (2010), Xie et al. (2010) and Liu and Xie (2012).  

 

2.2.2 Model settings and experiments  

Numerical model simulations are used in this study to assess the effect of large-scale envi-

ronmental conditions in the presence of the group TC activities, and diagnose the associated phys-

ical mechanisms. Two seasons (2005 and 2012) with active group TCs activity are chosen. Month-

long simulations are conducted with the peak month during which there are five active TCs (Tables 

2.3 and 2.4) for each selected case. 

Table 2.3 Statistics of TCs covered during the simulation period for 2005 Atlantic hurricane season 

Name Dates active Category at 
peak intensity 

Maximum 1-min 
sustained winds 

(mph) 

Minimum central 
pressure (hPa) 

Maria September 1-10 Cat-3 115 962 

Nate September 5-10 Cat-1 90 979 

Ophelia September 6-17 Cat-1 85 976 

Philippe September 17-23 Cat-1 80 985 

Rita September 18-26 Cat-5 180 895 

Table 2.4 Statistics of TCs covered during the simulation period for 2012 Atlantic hurricane season 

Name Dates active Category at peak 
intensity 

Maximum 1-min 
sustained winds 

(mph) 

Minimum central 
pressure (hPa) 

Isaac Ausgust 21-
September 1 Cat-1 80 965 

Kirk August 24-
September 2 Cat-2 105 970 

Leslie August 30-
September 11 Cat-1 80 968 

Michael September 3-11 Cat-3 115 964 

Nadine September 10-
October 4 Cat-1 90 978 

Since the standard WRF model was not designed for month-long hurricane simulations, 

we introduced two nudging techniques to improve the model performance for such extended range 

simulations. A comparative study of the nudging techniques on the weekly and monthly hurricane 
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simulations is also conducted. The weekly simulations are run for Hurricane Jeanne (2004) and 

Hurricane Irma (2017), which are part of the grouped TCs in the respective season. Based on the 

National Hurricane Center’s (NHC) tropical cyclone reports (Lawrence and Cobb, 2005; Cangi-

alosi et al., 2018), a brief review of two individual cases is given below. 

Hurricane Jeanne originally formed from a tropical wave that moved from Africa to the 

eastern tropical Atlantic Ocean. After weakening from a brief hurricane intensity stage, Jeanne 

persisted for five days as a tropical storm in a weak steering flow that was created by a preceding 

system, Hurricane Ivan. Later it gradually strengthened to a hurricane with 85-knot winds by the 

time it accomplished the anticyclonic loop on 23 September. Continuing westward, Jeanne made 

landfall on the east coast of Florida in the early hours of 26 September.  

The formation of Hurricane Irma was similar to that of Jeanne, but it rapidly intensified to 

a Category 2 hurricane within 24 hours under favorable environmental conditions. For the next 

several days, Irma reached major hurricane status and its intensity fluctuated due to a series of 

eyewall replacement cycles. It reached its peak intensity with 160-knot winds on 6 September and 

maintained for 37 hours, making it one of the strongest storms in the Atlantic TC history. Later 

Irma recovered from another eyewall replacement cycle and attained Category 5 status for a second 

time, slamming Cuba. When it made a second landfall in Florida on 10 September, its intensity 

dropped back to Category 3. Although Irma experienced weakening several times, it maintained 

major hurricane status for over a week. Researchers (Cangialosi et al., 2018) showed that ex-

tremely high ocean surface temperatures in the path of Irma provided a condition sufficient to 

sustain its strong intensity.  

For the simulations included in this study, the horizontal grid spacing is 12km, covering a 

337×334 grid mesh for Hurricane Jeanne and 424×343 points for Hurricane Irma. The domain is 

enlarged and covers 637×424 grid mesh in all month-long simulations. The model contains up to 

50 vertical levels, toped at 50 hPa. Physical configurations are kept the same for all simulations. 

Thompson microphysics scheme is selected, coupling with RRTMG longwave and shortwave ra-

diation schemes since they can better communicate with each other. Moreover, other schemes 

adopted here are MM5 similarity surface layer scheme, RUC land surface scheme, YSU planetary 

boundary layer scheme and Tiedtke cumulus scheme.  

Omrani et al. (2015) has demonstrated the crucial role of nudging the tropospheric hori-

zontal wind in correctly simulating the other variables, such as surface temperature and rainfall. 
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Previous studies of hurricane tracks and intensity using SSDA-enabled models also demonstrated 

the effectiveness by assimilating mid- and upper- tropospheric wind data alone (Xie et al., 2010; 

Liu and Xie, 2012). In this study, therefore, horizontal winds only above 700 hPa are nudged in 

SPNU and SSDA runs, while no nudging is performed below 700 hPa. In the sensitivity experi-

ments, moisture related variables are nudged and will be discussed further later. All waves with 

wave numbers greater than a preset cutoff wave number are not nudged. Considering the scale of 

the driving field and the size of the WRF domains, the cutoff wave number in zonal and meridional 

directions is set to 4 for Hurricane Jeanne and Irma, which corresponds to approximately 1000km 

in wavelength. The cutoff wave numbers in the monthly simulations are 6 and 4 in longitude and 

latitude directions, respectively. The nudging coefficients in SPNU and SSDA methods are kept 

unaltered, that is, the nudging term is scaled by their default values. The nudging frequency is set 

to six hours, which is consistent with the temporal frequency of CFSR reanalysis data. As men-

tioned earlier, the interval between each SSDA cycle is also set to 6 hours for consistency. 

 

2.3 Statistical models  

A generalized linear model with Lasso regularization is adopted for making preseason TC 

predictions. It assumes that the logarithm of the expected TC counts in each region is linearly 

related to the candidate predictors and performs a variable selection procedure using a shrinkage 

parameter, to identify the combination of indices that has the best predictive ability. Lasso’s ability 

to handle the cases where there are a large number of features (covariates) against the limited 

observations of TC counts (response) per year is especially useful.  

However, given that most of the predictors are highly correlated with each other, in which 

case Lasso has limitations, a preprocessing hierarchical clustering analysis (Murtagh and Legen-

dre, 2014) is carried out before applying Lasso. It allows us to group covariates into clusters based 

on the distances of the covariates correlation matrix, therefore identifies the primary covariates in 

each cluster. Specifically, the algorithm selects ten clusters first and then chooses the variable with 

the highest correlation with the response variable in each cluster. The reason to consider ten clus-

ters is that it covers a large enough number of covariates to provide sufficient information, and in 

the meantime, it retains a sufficiently small number of covariates to have enough residual degree 

of freedom. For comparison, the result using only hierarchical clustering analysis is given in the 

discussion section as well. 
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The sliding window cross validation (SWCV) method was introduced by Córdoba et al. 

(2019) to evaluate the performance of the model. In the SWCV, data are partitioned into w win-

dows, and in each window, there are 𝑁$ years of training data to construct the model to forecast 

the immediate succeeding year. The calculation of w and 𝑁$ should guarantee that the sample size 

of windows and years within each window is not smaller than 30. Specifically, for the forecast of 

2020 hurricane season, the first step is to construct the model with data from 1951–1980, and then 

forecast 1981. Since there are 69 years, this process can be repeated 39 times. The final 39th pro-

cess is to predict 2019 with the model constructed using 1989–2018. Compared to the regular 

leave-one-out cross-validation (LOOCV), SWCV respects the chronological order of the data and 

allows for a more reasonable procedure. 

Nine sets of predictors are used as training data (Table 2.2), and each set of the predictors 

are paired with nine response variables to construct nine sets of statistical models. Therefore, a 

total of 9 × 9 regression models are analyzed in this study. F1X, F2X, and F3X, where x represents 

B, N, L, respectively, represent different groupings of observed and projected predictors. Under 

each scenario, there are three groups of predictors that are designed to investigate whether it is 

worth incorporating the forecasts of future ENSO index and the EOF value of winter LHF. For 

example, F1 models use only predictors observed in January and February, so they can be used to 

make forecasts as early as March, whereas F2 models use predictors observed from January to 

April, so predictions can only be made in or after May. F3 models use January and February ob-

served predictors and projected predictors which will not be available before the season starts. For 

each training set {𝑥% , 𝑦%}#&, we model the count with a Poisson distribution: 𝑌'~𝑃𝑜𝑖𝑠𝑠𝑜𝑛(𝜆'), with 

log(𝜆') = 𝛽( + 𝛽{$}𝑥%. Here, we try to minimize the following function: 

𝑚𝑖𝑛{+!,+}		{−
1
𝑁 𝑙(𝛽|𝑋, 𝑌) + 𝛼	(E|𝛽-|

&

-.#

)} (1) 

where: 

𝑙(𝛽|𝑋, 𝑌) =E(𝑦%(𝛽( +E𝑥%-𝛽-

/

-.#

)
&

%.#

		− 𝑒𝑥𝑝(𝛽( +E𝑥%-𝛽-

/

-.#

)) (2) 
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where 𝛼 is the Lasso shrinkage parameter, 𝛽( is the intercept, 𝛽- and index j are the regression 

coefficients and the selected indices, respectively, which are specific to each region and strength 

category of TC (i = 1, 2…9). 

The forecast value from F is compared with the observed value 𝑦% through the logarithm 

score (LS) which is defined as the logarithm of the probability estimate of the value. LS has the 

advantage of respecting the probabilistic nature of the forecast value, and therefore would be a 

proper scoring rule to evaluate the forecasts generated from probabilistic models. For a certain 

year, the likelihood skill score (H) is computed using the following formula: 

𝐻 = 𝐿𝑆(𝐹, 𝑦%) − 𝐿𝑆L𝐹M, 𝑦%N (3) 

where 𝐹M represents climatology. It is used here as a reference to evaluate the efficiency of our 

proposed models, defined as: 

𝐹M~𝑃𝑜𝑖𝑠𝑠𝑜𝑛(𝑦O), 𝑦O =E𝑦% 𝑛P
0

%.#

, (4) 

We then take the average of H among all windows, with a positive value indicating superior 

skill of models against climatology. 

For clarity, the procedure for the forecast of 2020 hurricane season can be described as 

follows: 

1. Partition data into windows, w = 39 for SWCV and no window for LOOCV (used here as 

the baseline); 

2. In each window, carry out the hierarchical clustering analysis and select the ten primary 

predictors; construct the model with Lasso using the ten covariates selected; 

3. Calculate the logarithm scores between the forecast and observed values; 

4. Compare scores with climatology using the mean likelihood skill score (HR). 

Readers are referred to Córdoba et al. (2019) for more detailed information. 

 

2.4 Machines learning based ensemble optimization method:  

The first way to take advantage of the ensemble of models is to do a weighted combination 

of their outputs. Specifically, the ensemble model we explored is as follows: 
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𝑦S =E𝑤%𝑚%

1

%.#

, (5) 

where 𝑚% is the ith statistical model output, 𝑤% is the ith weight parameter, ŷ is the predicted count. 

The overall training and validation methodology follows (for SWCV): 

1. Divide the data into 39 windows with 31 years in each window. The first 30 years are used 

for training and validation is performed on the 31st year. 

2. In each window, construct a model: use the predictions from 9 statistical models for each 

of the 30 years as training set and apply the optimization techniques to learn weight pa-

rameters. Predict count for the 31st year using the trained ensemble model. 

3. Compare scores against climatology using the mean H value. 

For LOOCV, we used the same methods but instead of 39 windows, for each of the 69 

years one year was the validation year while the remaining 68 years were used as the training set. 

The baseline method we used for the weighted combination is simple averaging of the output of 

models; all weights have value 0.11. We will refer to this simple averaging method as SAE from 

now on. We then used several optimization techniques for optimizing the weights in the ensemble 

model, with all initial weights set to 0.11. These methods include the ridge regression, lasso re-

gression, linear regression, and gradient descent and for every method before optimization begins, 

the initial weights are equal to that of the SAE model. The objective function of each optimization 

method is listed with 𝑦 as the true count and 𝑦S as the ensemble output. 

• Lasso optimization: 

min
2
(∥ 𝑦S − 𝑦 ∥3")

4 + 𝛼 ∥ 𝑤 ∥3# , 𝛼 = 1 (6) 

where 𝛼 is the Lasso shrinkage parameter and ∥ 𝑤 ∥3# is the 𝐿# norm of the weights in the ensem-

ble model. 

• Ridge optimization: 

min
2
(∥ 𝑦S − 𝑦 ∥3")

4 + 𝛼L∥ 𝑤 ∥3"N
4, 𝛼 = 1 (7) 

where 𝛼 is the ridge shrinkage parameter and ∥ 𝑤 ∥3" is the 𝐿4 norm of the weights in the ensem-

ble model. 

• Linear regression: 
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min
2
(∥ 𝑋𝑤 − 𝑦 ∥3")

4, (8) 

where 𝑦 is the true count for 𝑚 training years, of shape 𝑚 × 1, 𝑋 is a matrix of shape 𝑚 × 9 where 

each row corresponds to the output counts of nine statistical models and 𝑤 is the weight vector of 

shape 9 × 1. For SWCV, 𝑚 = 30 in each window, whereas for LOOCV, 𝑚 = 68. The minimum 

value for the objective function will be 0 if 𝑋𝑤	 = 	𝑦, but it is not always possible that 𝑦 will be in 

the column space of 𝑋, and hence the linear regression method finds the orthogonal projection of 

𝑦 into the column space of 𝑋. Let the orthogonal projection of 𝑦 in the column space of 𝑋 be 𝑋𝑤] , 

then 𝑤]  will be the weight that gives a minimum value for the given objective function such that 

no other weights can give a lower value for the function. In this way, we obtain the weights 𝑤] . 

• Gradient descent: 

The function to minimize is the same as in the linear regression case. The differences are 

on how to determine the weights. In this method, we use the gradients of the objective function 

with respect to weights for updating weight values. A gradient of the objective function determines 

the direction in which the objective function is increasing the most, and so at each step we move 

in the direction opposite to that of the gradient. Learning rate is a hyperparameter that is multiplied 

by the gradient at each update of weights to control by how much the weight is updated. The 

gradient of the objective function with respect to the weights for a year 𝑖 is obtained as: 

𝐿 = L∥ 𝑦5] − 𝑦% ∥3"N
4 = (𝑦5] − 𝑦%)4 =	 (𝑚%

$𝑤 − 𝑦%)4 (9) 

Gradient of the objective function with respect to a weight 𝑤- =
63
62$

: 

𝜕𝐿
𝜕𝑤-

=
𝜕(𝑚%

$𝑤 − 𝑦%)4

𝜕𝑤-
 

= 2 × (𝑚%
$𝑤 − 𝑦%) ×

𝜕(𝑚%#𝑤# +⋯+𝑚%-𝑤- +⋯+𝑚%1𝑤1 − 𝑦%)
𝜕𝑤-

 

= 	2 × (𝑚%
$𝑤 − 𝑦%) × 𝑚%-  

(10) 

where 𝑤  are the weights and 𝑚% = [𝑚%#	𝑚%4…	𝑚%1]$  is the output of nine ensemble member 

models for year 𝑖. 

The algorithm for optimizing weights for a window with SWCV using gradient descent is: 

For epochs from 1 to 200 is: 
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For year 𝑖 from 1 to 30 is: 

𝑤 = 𝑤 − (2 × 𝑙𝑟 × (𝑚%
$𝑤 − 𝑦%)) × 𝑚% , 

where 𝑙𝑟 is the learning rate, which is empirically selected among the values 0.001, 0.0001, and 

0.00001. 

Besides experimenting with different optimization methods, we also experiment with the 

composition of the ensemble. Instead of using all nine statistical models, we tried to pick the top 

𝑘 models, 𝑘 = 2, 3, . . . , 8, 9.	The quality of the model was determined based on the mean H value 

among all validation years in 39 windows for SWCV and among all 69 validation years for 

LOOCV. 
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Chapter 3: Group Outbreaks 

3.1 Concept, data and methods  

3.1.1 Successive Hurricane Event (SHE) 

Krouse and Sobel (2010) proposed the concept of ‘multiple cyclone event’ of the Pacific 

Ocean. In their study, the focuses were on the events where one TC forms to the east of another 

extant TC during its lifetime and defined their relationship as “mother-daughter”. In a similar study 

conducted by Gao and Li (2010), a multiple tropical cyclone event is defined as an occasion in 

which more than one TC form in a relatively short period. They discussed the characteristics of 

multicyclone events based on the detected cases during the summer (June to September). Later, 

they enhanced the concept by introducing a distance constraint and included more cases occurred 

in October. They limited the mean spatial distances between multiple TCs within 4000 km con-

sidering the physical mechanisms behind the multiple TC events. For the study of the Atlantic 

counterparts, Schenkel (2016, 2017) used the same concept proposed by Krouse and Sobel (2010) 

but mainly focused on the initial 6-hours of the occurrence of the multiple tropical cyclone events, 

i.e., the genesis of the newly formed TCs.  

In this study, the concept of “successive hurricane events (SHEs)” is defined for the events 

where grouped breakout of tropical cyclones within a short, continuous period of time over the 

North Atlantic Basin during the Atlantic hurricane season (June to November). Although SHEs 

share the feature in common with the aforementioned concepts, it is a more general term where no 

spatial-temporal limitations were set for a more systematical examination. To that extent, there are 

probabilities that successive cyclogenesis might not be just energy dispersion of a preexisting TC, 

other synoptic perturbation triggering scenarios might be involved as well. Our attempt here is to 

examine its statistical characteristics and further understand the physical scenarios behind it in a 

thorough way and then discuss the probability to incorporate the factors that drive the occurrences 

of SHEs in the pre-season hurricane forecasts.  

 

3.1.2 Data 

To systematically examine the climatological characteristics of SHEs, HURDAT2 dataset 

was used. It documents the official assessments of every Atlantic tropical cyclone’s history at a 6-

hour interval, including genesis dates, best track paths, sizes, winds and central pressures. However, 

there are substantial uncertainties related to the tropical cyclones which were underestimated and 
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underreported in the early decades prior to 1950. Only records of tropical cyclones with storm and 

hurricane intensity from 1950 to 2019 were counted in the current study.  

For the composite analysis, the National Centers for Environmental Prediction (NCEP)-

National Center for Atmospheric Research (NCAR) Reanalysis 4-times daily data was used. It 

covers 2.5°´2.5° global grids for the study period. The outgoing longwave radiation (OLR) is 

compiled daily and only available after 1974, but it is sufficient for this study since we only need 

it for the selected active and inactive SHEs years.         

 

3.1.3 Methods  

Lanczos band pass filter was applied to extract the atmospheric signals in association with 

the activity of SHEs. It is commonly used in assessing the oscillations of various times scales 

(Duchon, 1979; Slingo et al., 1996; Jones et al., 1998; Gao and Li, 2010). The anomalous fields 

were obtained by applying the time filtering to the fields of outgoing longwave radiation (OLR) 

with frequency response of 20-70-day for the intraseasonal oscillation (ISO), 10-20-day for bi-

weekly oscillation (BWO) and 3-10-day for the synoptic scale signals. Given the cut-off frequen-

cies, a simple sensitivity experiment was conducted to determine the optimal number of filter 

weights for each extracted signal. Figure 3.1 shows the response function of the bandpass filter for 

ISO and BWO, a total 5 weights were applied to the entire daily time series of OLR spanning 

1974-2019. The response function indicates the minimum Gibbs oscillation near the cut-in and 

cut-out frequencies. The black curves show the ideal band-pass response function with the cut-off 

frequency. Readers are referred to Duchon (1979) for more detailed description. Considering the 

usual caveat that a greater loss of data is companied with more weights, the filters with 241 weights 

is applied to extract the ISO component and using 121 weights to extract the biweekly and synoptic 

signals.  
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Figure 3.1 Response function of Lanczos bandpass filter. The cut-in and cut-out frequencies are equal to 

0.014 and 0.05 day-1 for ISO oscillation and 0.05 and 0.1 day-1 for BWO oscillation. Total five filter 
weights are compared: 61, 91, 121, 241, 365. Black curves give the ideal band-pass response function 

with the cut-off frequency. 

In this study, the Pearson linear correlation coefficient is tested to determine if they are 

statistically significantly different from zero at a 95% confidence level using a two-tailed Student-

t test. For the composite analysis, due to the small sample size, bootstrapping with replacement 

(N=1000) is applied to estimate the means and 95% confidence level of the composite anomalies 

and further to determine if the differences are statistically significantly different from zero.  

As we revisited the role of TC-induced Rossby wave radiation in the Atlantic SHEs, the 

zonal wavelengths of TC-induced stationary Rossby waves derived from linear shallow water 

equation are computed. And then they are compared to the observed zonal distances between TCs 

at the time when the second TC appears to the east of the existing one using the HURDAT dataset. 

Under the linear shallow water equation, the zonal wavelength of a stationary Rossby wave radi-

ated by a TC is:  

𝜆 = 2𝜋𝑅78h
1

(𝑐/𝑈) − (2𝑛 + 1) 
(3.1) 

where 𝜆 is the zonal wavelength of the TC-induced stationary Rossby wave, the value of 𝑛 being 

0, 1, and 2 corresponds to the mixed-gravity Rossby wave, the first or second equatorial wave at 

which Rossby wave energy is radiated. 𝑐 is the gravity wave phrase speed and equals to l𝑔𝐻(, 
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where 𝑔 is the gravitational constant and 𝐻( is the equivalent depth. 𝑅78 is the equatorial Rossby 

radius of deformation and is derived from n𝑐 𝛽(P . 𝛽( is the meridional gradient of planetary vorti-

city, averaged within a box centered at each genesis location of the newly formed TC (“daughter” 

TC). And 𝑈 is the TC-relative environmental zonal steering flow of the TC-induced stationary 

Rossby waves. With regard to the calculation of 𝑈, we follow the method discussed in Krouse and 

Sobel (2010). Specifically, 𝑈 is computed by averaging the zonal wind at 850hPa within the box 

centered at the genesis location of the new TC during the two days prior to the new TC genesis. 

And the zonal steering flow of the existing TC is assumed to be equal to the zonal propagation 

speed of the mother TC itself. Therefore, by subtracting the zonal motion of the pre-existing TC 

averaged in two days prior to the new TC, 𝑈 is converted to the TC-relative value. As for the size 

of the box, we used a square box (1000km×1000km) as the previous study and a rectangle region 

(2500km longitudinal × 1000km latitudinal) which is determined by the mean relative position 

between the pre-existing and newly formed TCs. The results are insensitive to the box size as well 

as the location of the box, either centered on the new TC genesis location or located to the southeast 

of the pre-existing TC.  

The derived zonal wavelength is multiplied by the integer value and is then compared with 

the observed zonal distance between two relative TCs. The discussion will be presented in the next 

section. But it is worth noting that there are requirements under the Rossby wave radiation scenario. 

The involved TCs in the SHE must satisfy the following criteria: for each TC pair, the existing TC 

is located to the west of the newly formed TC; with that being said, the TC-relative environmental 

zonal steering flow must be easterly; Equation (3.1) must have a real solution, i.e., 𝑈 < 𝑐
(2𝑛 + 1)P . 

   

3.2 Temporal and spatial characteristics of SHEs 

We first examine the lifecycles of each TC at a six-hour time step within the Atlantic hur-

ricane season from June to November. The counts of SHEs are manually determined if at any point 

more than two TCs were concurrent. The occurrence of SHEs is constantly observed during the 

hurricane season except for 1982 during which no SHE occurred. There are 261 cases over the 

entire Atlantic Basin for a total of 70 years since 1950 (Figure 3.2). The lifetime of an Atlantic 

SHE event covers up to four TCs. Specifically, Table 3.1 gives the number of SHEs per season. 

Among them, the 2005 hurricane season is the most active Atlantic hurricane season on record 



   

22 
 

until 2020, and at the same time, with the highest number of SHEs (11). By requiring that the 

activity of a SHE event must exceed two days, we ruled out 38 possible short-lived SHEs. 

 
Figure 3.2 Distribution of SHEs with up to four TCs involved. No SHE is observed during season 1982. 

Table 3.1 Annual number of SHEs in the Atlantic Basin. 

1950 1951 1952 1953 1954 1955 1956 1957 1958 1959 
4 2 4 4 4 6 1 2 3 4 

1960 1961 1962 1963 1964 1965 1966 1967 1968 1969 
2 2 1 3 2 3 3 4 3 8 

1970 1971 1972 1973 1974 1975 1976 1977 1978 1979 
5 4 4 2 5 6 5 1 3 6 

1980 1981 1982 1983 1984 1985 1986 1987 1988 1989 
4 3 0 1 3 4 1 3 5 4 

1990 1991 1992 1993 1994 1995 1996 1997 1998 1999 
6 3 1 2 2 5 3 1 2 4 

2000 2001 2002 2003 2004 2005 2006 2007 2008 2009 
5 4 5 5 5 11 2 3 4 1 

2010 2011 2012 2013 2014 2015 2016 2017 2018 2019 
5 6 6 1 1 2 4 5 4 4 
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By examining its relationship between SHEs and the corresponding total named tropical 

cyclone each season, there is a statistically significant correlation of 0.77, which exceeds a 95% 

confidence level. And the monthly number of SHEs (Figure 3.3) suggests another similarity be-

tween the total named TC and SHEs which both peak in August and September within the Atlantic 

Basin. It indicates that the likelihood of SHE occurrence increases as TC frequency increases.  

 
Figure 3.3 Monthly number of Atlantic SHEs during the period 1950-2019. 

Next, we examined the relative positions and temporal interval between the pre-existing 

and newly formed TCs. Since some of SHEs cover more than two TCs, we analyzed each SHE 

event and identified TC pairs. If at any point during the lifetime of a TC where a second TC appears, 

then they are identified as a TC pair. If more than one new TC is found at the time, then two or 

more pairs are composed with the pre-existing TC. Among 561 pairs detected, the locations of the 

newly formed TCs relative to the position of pre-existing TC are mapped onto a 500km×500km 

grid points (Figure 3.4). Within each grid, the number of second TCs is color-coded. Most of the 

second TCs (58.6%, about 329 pairs) are located to the east of the first TC. And around 70.4% 

newly formed TCs appear in the lower latitudes than that of the first TCs. There are 10.5% pairs 

in which the second TC is located to the northeast of the first one, and 48.1%, 22.3% and 19.1% 

in the southeast, southwest and northeast quadrants, respectively. The average latitudinal distance 

in a pair is 1289.2km and 2931.4km for a mean longitudinal distance. In addition, the mean tem-

poral interval is 4.7-day, meaning that it normally takes an average of 4.7 days when a second TC 

is observed in the presence of the first one.      
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3%

JUL
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Figure 3.4 Relative distances between the pre-existing and newly formed TCs in a pair. The red hur-

ricane symbol indicates the pre-exiting TC, and black ones give the relative positions of the new TCs. The 
number of new TCs within a 500km×500km grid is color-coded.  

As mentioned earlier, only when the newly formed TC appears to the east of the pre-exist-

ing one, their relationship might be related to the TC-induced Rossby wave dispersion. Thus, a 

subset of 329 pairs is included to investigate the existence of TC-induced Rossby wave when all 

three requirements are met. Figure 3.5 depicts the scatterplot of the predicted zonal wavelength 

computed from the shallow water Equation 3.1 and the observed zonal distances between TCs in 

a pair. Here gives the result with the box size being 1000km in both zonal and meridional directions 

when calculating the meridional gradient of planetary vorticity (𝛽() and TC-relative environmental 

zonal steering flow (𝑈). Colored dots indicate the number of the Rossby wavelength separating 

the pre-existing and newly formed TCs. 
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Figure 3.5 Scatterplot of the observed zonal distances between TCs in the detected pairs and the pre-
dicted zonal wavelength of TC-induced Rossby waves computed from the shallow-water equation. 

As shown, the second TC usually forms one or two Rossby wavelength(s) away from the 

first one in the majority of TC pairs. Only one pair is observed with six Rossby wavelength. The 

number of detected TC pairs is 49, 46 and 42 with the value of 𝑁 being 0, 1, 2. The Pearson cor-

relation coefficients between the predicted and observed zonal distances are 0.78, 0.73 and 0.66, 

respectively, and are statistically significantly different from zero at a 95% confidence level (𝑝 ≪

0.01) in all three cases. These results are in keeping with the findings of Schenkel (2016, 2017), 

although, our study included more cases of Atlantic TC pairs, and the definition of SHEs are some-

what different from the multi-TC events introduced in their studies. The strong agreement between 

shallow-water Rossby wavelength and the zonal distances between TCs emphasizes again the cru-

cial role of the Rossby wave dispersion during the genesis of new TC in the Atlantic basin. It 
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suggests that the Rossby wave radiated by the pre-existing TC might partially explain the majority 

of the occurrences of Atlantic SHEs.  

 

3.3 Composite analysis of favorable factors for SHE occurrence  

In the last section, we examined the theoretical and observed zonal distances between pre-

existing and newly formed TCs as the TC-induced Rossby waves dispersion could be a potential 

triggering mechanism for a substantial set of Atlantic SHE events. As it only justifies a subset of 

cases, we also explored other contributing factors through composite analysis. The annual number 

of Atlantic SHE is listed in Table 3.1, and the average number is 3.6 per year with a standard 

deviation (STD) of 1.9. Therefore, the cutoff values of the active/inactive SHE years correspond 

to the upper/lower limit of mean value plus/minus STD. In an active SHE year, there would be 

more than 5.5 events per season. And less than 1.7 events would be expected in an inactive SHE 

year. Considering the availability of OLR dataset, the discussions of composite differences of var-

ious factors are limited to active and inactive years after 1974. Therefore, a total 16 years are 

selected to calculate the composite anomalies with the active years: 2005, 2011, 1975, 1979, 1988, 

1990, 2000 and 2012; and the inactive years include: 1977, 1983, 1986, 1992, 1997, 2009, 2014, 

and 1982. 

 
3.3.1 Mean circulation patterns 

Figure 3.6 shows the composite difference fields of sea surface temperature (SST), mid-

level relative humidity (RH) and outgoing longwave radiation between active and inactive SHE 

seasons. The fields are extracted with a low-pass filter (90-day or longer), and superimposed with 

the potential genesis area of the new TCs obtained from the mean latitude and longitude consider-

ing all selected SHEs. Compared to the conventional main development region (MDR) which co-

vers the area from 10°N to 20°N and 80°W to 20°W, it is likely for new TCs to appear more 

northward. Dotted areas indicate the variations are statistically significantly different from zero at 

a 95% confidence level. Since more than 80% SHEs occur in the August, September and October, 

the anomalies shown here are analyzed for these three peak months.    
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(a)  

(b)  

(c)  
Figure 3.6 Composite differences of (a) sea surface temperature, (b) mid-tropospheric relative humidity, 

and (c) outgoing longwave radiation between SHE active and inactive years. Dotted areas indicate the dif-
ferences are statistically significant at a 95% confidence level constructed by the 1000-sample bootstrap. 

Dashed lines indicate the potential genesis areas of the new TCs associated with the SHE events. 

Compared to the inactive SHE years, warmer SST and increased mid-level moisture are 

clearly favorable for the occurrence of multiple tropical cyclones. However, the opposite trends of 

SST and RH are observed in the Gulf of Mexico, but where concurrent two or more TCs are rare. 

OLR is often used as a proxy of convection in the tropics and subtropics. The difference field of 

OLR here shows an enhanced convective activity in association with the active SHE years within 

the potential genesis area of new TCs. The other negative OLR band spans from the Equator to 

10°N to the east of 70°W. Besides the presence of conducive thermodynamical conditions, the 
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mean circulation patterns show consistent features which set a favorable environmental condition 

for the grouped breakouts of TCs. 

The low-level and upper-level divergence and vorticity anomalies are presented in Figure 

3.7. Consistent with the enhanced convection shown in OLR anomalies, in the lower level (850 

hPa) positive vorticity anomalies dominate the band from 10°N to 23°N, indicating a background 

cyclonic circulation. Correspondingly, there is an anti-cyclonic circulation in the upper level. Low-

level convergence significantly intensifies along with the divergence in the higher level in the band 

from 10°N to 20°N, which is consistent with the genesis area of the new TCs in the active and 

inactive years involved. 

(a)  

(b)  

(c)  

Figure 3.7 Similar as Figure 3.6, but for (a) 850 hPa and (b) 200 hPa vorticity (unit: 10!"	𝑠!#), (c) 925 
hPa divergence (unit: 10!"	𝑠!#) fields. 
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3.3.2 Signals on different time scales 

OLR fields of the active and inactive SHE years are extracted with a bandpass filter on the 

intraseasonal (ISO, 20-70-day) and biweekly (BWO, 10-20-day) time scales. Their differences are 

given in Figure 3.8. The majority of the Atlantic Ocean and Caribbean Sea is dominated by the 

negative OLR ISO signals. With areas to the east of 30°W and the area to the south of 10°N, there 

are positive anomalies of OLR ISO signals. Moreover, negative ISO values are observed in the 

OLR fields of active SHE years (figures not shown), with a stronger intensity over the Caribbean 

Sea and along the southeast coastal regions. Together, the spatial patterns suggest that on intrasea-

sonal time scales, OLR would be in a negative phase indicating enhanced convections during the 

activity of SHE events. Dotted areas indicate that the anomaly fields are statistically significantly 

different from zero, which are mainly related to areas of large negative ISO signals.   

 

 

 

 

 

 

 

 

 

 

 



   

30 
 

(a)   

(b)   

(c)    
Figure 3.8 Anomaly fields of (a) 20-70-day, (b) 10-20-day and (c) 3-10-day bandpass filtered OLR (unit: 
Wm-2) composed between SHE active and inactive years. The solid lines and dashed lines represent posi-
tive and negative anomalies, respectively. Dotted areas on the anomaly fields indicate the differences ex-

ceed the 95% confidence intervals constructed by a 1000-sample bootstrap. 

The spatial pattern of BWO OLR anomalies (Figure 3.8b) has an obvious zonal feature, 

with positive values around 60°W~50°W and stronger negative signals to its west and weaker 

signals to its east. The regions close to the domain boundaries are shown with positive OLR BWO 

anomalies. Such pattern is consistent with the BWO signals of multiple tropical cyclone events 

over western North Pacific (Gao and Li, 2010 and 2012). And it is reasonable since the wavelength 

of BWO is relatively short compared to that of ISO (Wen et al. 2010). Over most of the region, 
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the differences do not exceed the 95% confidence level, except for the areas with negative signals 

over GOM and the one centered between 30°W and 40°W near 30°N. But the areas exceeding the 

90% confidence level are expanded associated with the negative anomalies (not shown here). 

The lifetimes of TCs last from a few days to a week or more, thus they are normally as-

sumed as synoptic-scale phenomena. With the bandpass filter, the synoptic scale signals related to 

the active and inactive SHE years are extracted as well. However, their anomaly field (Figure 3.8c) 

does not show a significant difference between the active and inactive phases. The composite val-

ues of synoptic-scale OLR are much smaller in contrast to that of the low-frequency or even in-

traseasonal OLR, and also weaker than the signals of BWO OLR. The comparisons of OLR on 

different time scales indicate that it might be the low-frequency motions that play a crucial role in 

favoring and modulating the occurrence of Atlantic SHEs.   

 

3.4 Comparative study of spectral nudging and SSDA techniques 

Comparisons between the grid nudging and SPNU have been evaluated under various sce-

narios (Bowden et al., 2012; Vincent and Hahmann, 2015; Ma et al., 2016, Liu et al., 2012). Since 

the large-scale features are more appropriately depicted in the global models, while the regional 

models can better resolve smaller-scale features, SPNU generally outperforms the grid nudging 

because the latter tends to over-nudge at smaller scales (Castro et al, 2005; Liu et al, 2012). 

A number of case studies of tropical cyclones over the North Atlantic Ocean have demon-

strated the effectiveness of SSDA in storm track simulations. Liu and Xie (2012) showed through 

the simulation of Hurricane Felix (2007) that the overall mean track error for the SSDA runs is 

reduced by over 40% relative to the control experiment along with a decrease by over 14% of the 

mean intensity forecast error. As for the merit of the SPNU technique, Wang et al (2013) noticed 

that simulations with SPNU turned on could realistically reproduce several aspects of Typhoon 

Megi (2010), including not only the storm track and intensity change but also structure develop-

ment at various stages. In contrary to the conventional belief that SPNU will suppress the dynamics 

of tropical cyclones, recent finding appears to show the effectiveness of SPNU in the mitigation 

of the effects of spurious storm formations, deviated storm track and associated large-scale circu-

lation patterns (Feser and Barcikowska, 2012). Furthermore, with employment of either SSDA or 

SPNU, regional simulations benefit from reducing the uncertainty and sensitivity to the domain 

placement and geometry (Miguez-Macho et al., 2004; Xue et al., 2007; Xie et al., 2010).  



   

32 
 

Although SSDA and SPNU have shown some merits in regional climate prediction and 

limited area numerical weather simulations, a comparison between two schemes has not been made. 

And more importantly, nudging would be advantageous to provide a modified large-scale envi-

ronmental condition constantly through the simulation time in the sensitivity experiment. There-

fore, such a comparison may shed light on how each method accomplishes the adjustments of 

model variables through the nudging/assimilation variable, and whether there is a basis for select-

ing one method or the other. This section provides a preliminary evaluation of the respective per-

formance of the two methods in the simulations of individual TC cases and SHEs with week- and 

month-long time period, respectively. The assessments are carried out between three simulations 

of each case (control run shown as CTRL, SPNU and SSDA) in two aspects: 1) the simulations of 

the large-scale environmental conditions; and 2) the tracks and intensity simulations of TCs. 

 

3.4.1 Effects on large-scale circulations  

The improvement of hurricane track and intensity through nudging is accomplished by 

more accurately simulating the large-scale circulations. Therefore, the capabilities of these nudg-

ing techniques to correct and reproduce the large-scale circulation is examined by analyzing the 

correlations of the wind fields between the simulations and the CFSR data at different vertical 

levels.  

The spatial patterns of root mean squared differences (RMS) were analyzed between the 

data series from the model simulations and the corresponding CFSR data at the same vertical level. 

Although the nudging is applied at 700 hPa and above in SSDA and SPNU experiments, wind 

fields at low-level respond to such impact as well. The area averaged RMSs of winds at 850 hPa 

(figures not shown) are 2.43, 2.43 and 3.20, respectively for SSDA, SPNU and CTRL runs. The 

spatial distributions of wind RMS at mid-tropospheric levels are given in Figure 3.9 (a-b). The 

effects of nudging winds with SSDA and SPNU in Jeanne’s case are comparable at 700 and 500 

hPa. Correction of the steering flow leads to an improved simulation along the track path, although 

there are small variations of the wind speeds.  In the CTRL runs, without nudging towards the 

driving data, simulation of Jeanne’s path greatly deviates from its observed course. In addition, at 

700 hPa, there are large RMS over several areas, such as the southwestern side of Mexico and the 

region along the southeastern coasts. Those regions are greatly improved in SSDA and SPNU runs, 
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along with the band of large RMSs from 20°N to 45°N shown at 500 hPa. The area averaged RMSs 

are 2.14, 2.26 and 3.14 for SSDA, SPNU and CTRL runs.  

(a)  

(b)  

(c)  

(d)  
Figure 3.9 Spatial patterns of root mean square differences (RMS) of wind fields at mid-levels between 

SSDA/SPNU/CTRL runs and CFSR data, for Hurricane Jeanne (2004, a-b) and Irma (2017, c-d). 
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Similar improvements in wind fields are observed in Irma’s case as well (Figure 3.9, c-d). 

Compared to CTRL run, nudging technique reduces the differences from the driving data spread-

ing from 15°N to 45°N. But in this case, abilities of data assimilation and SPNU show discrepancy. 

Here the overall RMSs of winds at mid-levels in the SSDA run are smaller than that in the SPNU 

run, especially over the continents and the northeastern side of the domain. The area averaged 

RMSs of 700 hPa are 1.99 and 2.29 for SSDA and SPNU, and the difference of these numbers 

becomes larger for 500 hPa with 2.05 and 2.71. The corrections of the large-scale wind fields by 

SSDA and SPNU technique are most effective along the areas where tropical cyclones pass.  

The effects on winds between SSDA and SPNU are sensitive to the selected cases. This is 

supported by Figure 3.10 as well, showing the time series of the domain-averaged Pearson corre-

lation coefficients of wind fields between model runs and CFSR data. The coefficients are com-

puted by correlating time series of simulated and validated CFSR winds at each grid point. To 

ensure a meaningful interpretation, the first coefficient corresponds to a time series starting from 

the outputs at initial time to that after the 48-hour simulation time, including 8 temporal points. As 

the model keeps integrating forward, the time series to compute the correlation coefficient incre-

mentally incorporates more temporal points.  

Figure 3.10 (a-b) shows the results for Hurricane Jeanne, large positive coefficient signifies 

close consistency between model runs and CFSR data. After 48-hour simulation, nudging effect 

starts to show the improvement, but it does not greatly differentiate from the CTRL run. Until after 

120 simulation hours (around 0600UTC 26 September), overall correlation coefficients of wind 

fields from CTRL run start to decrease, meaning that the model run in the absence of nudging 

gradually drift away from CFSR data with reduced similarity. During the simulation periods, ef-

fects of SSDA and SPNU on wind fields are generally comparable. In the case of Irma (Figure 

3.10, c-d), correlation coefficients of CTRL run show a decreasing trend after 96 hours (around 

1200UTC 8 September). A point to be further noted is that SSDA run outperforms a little in this 

case. 
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Figure 3.10 Time series of domain-averaged spatial correlation coefficients of winds at 700 hPa and 500 

hPa for Hurricane Jeanne (2004, a-b) and Irma (2017, c-d). 

In the month-long simulations, biases greatly increase in the CTRL runs. And hereafter we 

focus more on the comparative nudging effects between SSDA and SPNU. Figure 3.11 gives the 

RMSs distribution of mid-level winds in the month-long experiments. One thing to point out is 

that bias in the SSDA run is larger than that of SPNU run near the boundaries, especially along the 

meridional direction in both cases. Except the boundary zone, nudging effect within the domain 

between two methods are comparable. 
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(a)  

(b)  

(c)  

(d)  
Figure 3.11 Same as Figure 3.9, but for the month-long simulations of 2005 season (a, b) and 2012 

season (c, d). 
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3.4.2 Effects on temperature and relative humidity fields 

In the phase of assimilation and the internal forcing introduced by SPNU, model infor-

mation experiences exchanges and spreads vertically and horizontally through the balanced fields 

of wind, temperature, pressure etc. Therefore, nudging tropospheric wind will indirectly impact 

the synoptic scale circulation and further other tropospheric variables. In the case of Irma, ex-

tremely high sea surface temperature plays a significant role in maintaining it as a major hurricane 

for over a week. Previous studies (Gray, 1977; Gao and Li, 2010) have also confirmed the contri-

bution of enhanced relative humidity in the middle troposphere to the formation of active TCs and 

even SHE events. Therefore, realistic simulations of such variables are crucial as well. To further 

inspect the effects of the nudging techniques on other environmental variables, the comparisons 

against CFSR data of the temperature and relative humidity are given subsequently.  

Figure 3.12 gives RMSs distribution of temperature at 700 and 500 hPa for Hurricane 

Jeanne (a-b) and Irma (c-d). It is clear that temperature fields respond indirectly to the nudged 

winds as well. Compared to RMSs fields obtained from CTRL run, nudging techniques apparently 

push the temperature fields towards the driving data by showing reduced errors against CFSR. 

Areas near the southeastern coasts, Caribbean Sea and along the western side of the domain give 

reduced errors compared to CTRL run in the case of Hurricane Jeanne. And compared to SPNU, 

errors over the Gulf of Mexico in the SSDA run are further reduced. For Hurricane Irma, nudging 

shows effects mainly over the region to the east of the northeastern states. It is intriguing to see 

that SSDA and SPNU show a remarkably different nudging effect, especially at 700 hPa for both 

cases (Figure 3.10, a and c). With SSDA applied, the band from 15N to 35N covering the Atlantic 

Basin has lower RMSs with CFSR data than that generated in the SPNU runs. Those differences 

become less obvious at 500 hPa, although the domain-averaged RMSs of the SSDA run (2.22 and 

2.27 for Jeanne and Irma) are slightly smaller than that of the SPNU run (2.25 and 2.42). Since the 

nudging coefficients are height-dependent, the resultant effects would vary with height. 
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(a)  

(b)  

(c)  

(d)  

Figure 3.12 Similar to Figure 3.9, but for 700 hPa and 500 hPa temperature fields for Hurricane Jeanne 
(2004, a, b) and Irma (2017, c, d). 

Next, we validate the simulations of relative humidity (RH) field at mid-levels to that from 

the CFSR data. For Hurricane Jeanne (Figure 3.13a), in general, RH fields take on the opposite 

patterns on opposite sides of 30°N, wet to the south and relatively dry to the north. Except in the 

continental regions where model runs produce similar features, they tend to generate larger RH 
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values, especially over the western side of Gulf of Mexico and to the east of the Bahamas. CTRL 

and SPNU runs produce enhanced RH along the southeastern coastal areas and near Cuba, whereas 

SSDA run appears to be closer to the driving data over those areas. This is also supported by the 

area-averaged RMSs of SSDA which is 20% and 34% lower than that of the SPNU and CTRL 

runs.  

Overestimations of the simulated RH by CTRL and SPNU runs are observed again in Hur-

ricane Irma’s case (Figure 3.13b). SSDA run however produces a drier condition over most of the 

maritime areas, such as the Gulf of Mexico and eastern side of the Caribbean Sea. But an important 

feature of drier RH over the eastern side of the domain from the CFSR data is reproduced only 

from SSDA run. Combining with a lower RMS of SSDA, the results indicate that SSDA does not 

greatly drift away from the CFSR data concerning the indirect effect of nudging winds on the mid-

tropospheric RH fields.  
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(a)  (b)  

Figure 3.13 Mean 700 hPa relative humidity (unit: %) from CFSR, CTRL, SPNU, and SSDA runs for 
Hurricane Jeanne (2004, left) and Irma (2017, right).  

In addition, Figure 3.14 gives the time series of domain-averaged correlation coefficient 

between model fields (TK: temperature; RH: relative humidity) and CFSR data. Only outputs after 

48-hour simulation time are counted, similar to the analysis of wind fields. Correlation coefficients 

of three model runs are comparable in the first 72-hour after the simulation, and then differences 

are perceived. The similarities are generally higher in the SSDA runs than that in the SPNU and 
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CTRL runs. Overall, through nudging the upper air winds, temperature and RH are indirectly im-

pacted and also nudged towards the driving data to maintain a balanced system. 

 

 
Figure 3.14 Similar to Figure 3.10, but for temperature and relative humidity at 700 hPa.  

3.4.3 Effects on hurricane track and intensity  

Liu and Xie (2012) noted that the advantage of SSDA becomes more apparent for forecasts 

with a lead time longer than 48h. When hurricane simulations are initialized only with the analysis 
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from the coarse grid data, large differences between the simulated hurricane intensity and the ob-

served actual intensity can occur during the initial deepening stage. Therefore, the following com-

parisons on the track and intensity are focused only on the period after the simulations and obser-

vations reach convergence.  

Both SSDA and SPNU techniques performed well for the hurricane track simulations by 

placing the simulated hurricanes in a realistic atmospheric circulation. Without the strong regula-

tions from the large-scale circulation imposed on the model interior grids, the tracks of the CTRL 

run deviate substantially from the best track and veered to the ocean instead of making landfalls 

as shown in Figure 3.15. The simulations from SSDA and SPNU runs are much closer to the best 

track data. The mean track errors in the case of Jeanne are 43km in SPNU run and a slightly smaller 

37km in SSDA run, respectively. Due to the poor description of the large-scale flow, track error 

in CTRL run is 195km, almost five times larger than that with nudging. In the Irma case, there is 

a large mean track error of 541km in CTRL run, SSDA performs significantly better, with a mean 

track error being only 32km, better than SPNU run which has an averaged error of 58km as com-

pared to the best track data. 
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(a)  

(b)  
Figure 3.15 Observed and simulated track positions for Hurricane (a) Jeanne (2004) and (b) Irma (2017). 

Although the large-scale circulations are nudged towards the observed fields and the sim-

ulated tracks are improved, intuitively this should lead to an improvement in the simulated hurri-

cane intensity. However, the results turn out to be not as straightforward. Here we take the mini-

mum surface pressure at landfall (at 108h, Figure 3.16a) as a reference point: before landfall, the 

surface pressure rapidly decreases in the SSDA run, leading to relatively small pressure differences 

with the best-track data; however, the decreasing pressure from the SPNU run levels off after 84h. 
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Then after landfall, the pressure in the CTRL run continues to decrease due to the deviated path, 

resulting in negative errors from the best-track data, and the trends in the SSDA and the SPNU 

runs are similar to the observation but with weaker intensities. Although SSDA run resembles the 

overall trend of the best-track data, the pressure difference at landfall is still close to 10 hPa. Com-

pared to the simulated central minimum pressure, the horizontal structure of the surface winds 

between the nudged runs and the reanalyzed data appears to be closer to each other. Hence, we 

adopted the method of Courtney and Knaff (2009) to re-evaluate the simulated minimum pressure 

based on the maximum mean near-surface wind. The minimum pressure (𝑃9) is estimated with the 

following equations: 

For φ < 18° 

𝑃9 = 5.962 − 0.267𝑉:;< − t
𝑉:;<
18.26u

4

− 6.8𝑆 + 𝑃70= 

For φ ≥ 18° 

𝑃9 = 23.286 − 0.483𝑉:;< − t
𝑉:;<
24.254u

4

− 12.587𝑆 − 0.483𝜑 + 𝑃70= 

where φ is latitude, 𝑃70= is the environmental pressure which is estimated by calculating the azi-

muthal mean pressure in an 800km annulus. 𝑉:;< is storm relative maximum wind and 𝑆 is related 

to the storm size and is a function of latitude and maximum wind. More detailed information is 

referred to Knaff and Zehr (2007). The approach is first used with the National Hurricane Center 

best track data, and the derived central pressure is within 5 hPa. After the correction, the mean 

absolute errors (MAE) of the simulated minimum surface pressure is 6.4 hPa and 5.8 hPa for the 

SPNU and the SSDA runs, respectively.  
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(a)  

(b)  
Figure 3.16 Simulated 6-hourly intensity and track position errors for Hurricane Jeanne (2004). 

During the simulation period of Irma, its observed minimum surface pressure remains be-

low 950 hPa and reaches its peak intensity of 914 hPa on September 6. Thus, the lack of proper 

initialization directly results in a weaker representation of Irma in the model simulations and fur-

ther leads to large intensity differences from the best-track data as shown in Figure 3.17. MAEs of 

the derived central pressure with the above pressure-wind relationship are 17.8 hPa and 14.3 hPa 

for the SPNU and the SSDA runs, respectively. Although the SSDA run outperforms the SPNU 

run as far as the intensity is concerned with the simple initial conditions currently used, more 

-25

-20

-15

-10

-5

0

5

10

15

20

78 84 90 96 102 108 114 120 126 132 138

Pr
es

su
re

Er
ro

r
(h

Pa
)

CTRL SPNU SSDA

0

10

20

30

40

50

60

70

78 84 90 96 102 108 114 120 126 132 138

Po
sit

io
n

Er
ro

r
(k

m
)

Simulation Time (hours)

SPNU SSDA



   

46 
 

comprehensive examinations should proceed with proper vortex initializations, such as assimila-

tion of bogus wind information. 

(a)  

(b)  
Figure 3.17 Same as Figure 3.16, but for Hurricane Irma (2017). 

Based on the preceding discussions of individual hurricane cases, the forecast tracks can 

be effectively corrected through the nudging techniques. When there are multiple active TCs, at-

mospheric fields including surface pressure, near-surface winds, 850 hPa relative vorticity and 

700-500-300 hPa averaged temperature anomalies are used to detect and track TCs. The detection 
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methodology is modified from Kleppek et al. (2008) and Choi and Lee (2016). Here, the specific 

criteria are listed as following and carefully selected given the spatial resolution of the simulations 

(Oouchi et al., 2006): 

1) a closed pressure minimum is observed;  

2) the magnitude of the 850 hPa maximum relative vorticity must exceed the threshold of 3.5´10-

5 s-1 and its location should be near the center of the storm defined by the minimum pressure;  

3) the total tropospheric temperature anomaly (i.e., warm core) calculated by summing tempera-

ture anomalies at 700, 500 and 300 hPa around the center of the storm must be greater than the 

threshold of 2K;  

4) the surface wind speed has to exceed 17 m/s, which corresponds to tropical storm intensity or 

higher; 

5) the he duration of a modeled TC satisfying the above conditions must be at least 36 hours.  

According to the above criteria, there are 6 TCs detected in the SPNU run and 5 in the 

SSDA run, respectively, during the simulation of 2012 SHE event. And both SPNU and SSDA 

runs generated 5 TCs in the case of 2005 SHE event. After comparing to the paths of five named 

TCs from the observed best track data of 2005 and 2012, SPNU and the SSDA runs not only 

improved the overall position accuracy, but also improved the total number of TCs. In contrast, 

the CTRL run produced 8 TCs which is 3 more than the observations for 2012 and generated 7 

TCs for 2005 season. There is a caveat, the detection of TC is highly subjective and the total 

number of detected TCs is dependent on the detection criterion. Therefore, the relative advantage 

of SPNU and SSDA runs over the CTRL run in producing the total number of TCs during a SHE 

event may be limited to the TC detection schemes identified above.  

After approximately 36 hours of simulation, the simulated first TC Isaac (2012) in the 

CTRL run starts to deviate but the corresponding Isaac simulated in the SPNU and SSDA runs 

remain close to the corresponding best track data, which is consistent with previous studies. The 

observed and simulated track paths at 6-hour interval of each detected TC are mapped into 1°´1° 

grid box. Figure 3.18 gives the cumulated TC numbers for each grid box and overall spatial pat-

terns between the best track data and the nudging runs are closer than that of the CTRL runs which 

show this “towards-coastal” pattern for both 2005 and 2012 SHE events. However, the durations 

of the detected TC are noticeably shorter than the records of best track data. This is perhaps be-

cause during the spin-up phases TCs cannot be detected due to weak intensity. Therefore, although 
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SPNU and SSDA techniques can efficiently improve the forecast of track positions, the appropriate 

initialization process of each vortex is still needed to accurately simulate the TC intensity. 

(a)  

(b)  
Figure 3.18 TC spatial density patterns (observed and simulated track paths at each grid point are mapped 

into 1°´1° box for (a) 2005 and (b) 2012 SHE events. 
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3.4.4 Simulations of hurricane structures 

Figure 3.19 shows the vertical cross sections passing through the hurricane center and lo-

cation of the maximum surface wind. It shows the potential temperature and horizontal wind speed 

valid at 84 (0000UTC 25 September), 108 (0000UTC 26 September) and 114 (0006UTC 26 Sep-

tember) simulation hours for both SSDA and SPNU experiments of Jeanne. It is clear that both 

nudging techniques are capable of capturing the features of a mature hurricane structure with re-

alistic depictions of hurricane eye and eyewall. The radial extents of the 34-kt wind in the quadrant 

with the strongest wind are around 171nm, 165nm and 143nm at 84, 108, and 114 simulation hours 

from the National Oceanic and Atmospheric Administration/Atlantic Oceanographic and Meteor-

ological Laboratory/ Hurricane Research Division (NOAA/AOML/HRD) surface wind analysis 

(H*wind; Powell et al., 1998). Although the horizontal extent of 34-kt wind in the quadrant with 

the strongest wind from the SSDA run is generally larger than that from the SPNU run with iden-

tical initial condition, the results in SSDA run are much closer to that from the observed surface 

wind analysis.  
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(a)  

(b)  

(c)  

Figure 3.19 Vertical cross sections passing through storm center and the location of maximum surface 

wind of potential temperature (contour every 5K) and horizontal wind speed (kt) valid from (a) 0000UTC 

25 September, (b) 0000UTC 26 September and (c) 0006UTC 26 September, from SSDA (left) and SPNU 

(right) runs of Hurricane Jeanne (2004). 

In addition, low-level wind fields at 10m height right before and after the landfall are shown 

from H*wind, SSDA, and SPNU experiments. At 108h before landfall (Figure 3.20a), the simu-

lated hurricane centers lag behind that of the observation. The simulated zone of the maximum 

sustained winds exceeding 95kt is larger in SSDA than that from the observation. Both simulations 
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appear to have a substantial asymmetry compared to the observed structure, especially in the SPNU 

run which is trending in the northeast-southwest direction. In addition, both experiments fail to 

simulate the realistic distribution of surface winds along the Florida coasts. After landfall (Figure 

3.20b), the simulated hurricane center in both runs still lag behind the observation and the eye 

appears to be larger in both experiments when compared to the observations. Except for the high 

value area in the south produced in both runs, the maximum sustained winds generated by the 

SSDA run more closely resemble the observations in both distribution and magnitude. In contrast, 

the eastern zone of strong winds from the SPNU run is larger than the observation and the highest 

value almost reaches 85kt.  

(a) (b)  
Figure 3.20 Surface wind patterns at 10m from H*wind, SSDA and SPNU, (a) at 108h (before landfall) 
and (b) 114h (after landfall) in Jeanne’s simulations. (Red tropical cyclone symbol shows the observed 

center of tropical cyclone from H*wind.) 
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In the meantime, in the vertical cross sections of Hurricane Irma valid at 1200UTC 8 Sep-

tember in a 24h interval (Figure 3.21). Key features are well captured from the SSDA and SPNU 

runs, while the horizontal extents of strong winds are larger in SSDA run than that produced with 

SPNU. There is also asymmetry observed in the simulated structures in both runs, especially at 

1200UTC 10 September (Figure 3.21c). Such asymmetry is similar to that in Jeanne’s simulations. 

The examinations of hurricane structure further confirm that different ways to include the large-

scale flow from global analyses or forecasts can result in different impacts on the small-scale fea-

tures of the regional model. 

(a)  

(b)  

(c)  

Figure 3.21 Similar to Figure 3.20, but valid from 1200UTC 8 September in a 24-hour interval for Hurri-
cane Irma (2017). 
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3.4.5 Discussions 

The Scale-selective data assimilation (SSDA) approach shares a similar strategy with the 

spectral nudging (SPNU) technique which is built inside the WRF-ARW model, to selectively 

inject the large-scale components of atmospheric circulations from the global model into the re-

gional model. A preliminary comparison between two approaches is conducted for various hurri-

cane cases with week- and month-long durations. The main conclusions are: 

1) It is evident that both methods are able to effectively force the large-scale components in the 

regional model towards their driving fields provided by the global model, while allowing the 

small-scale features to develop within the regional model.  

2) By improving the large-scale winds, the intensities and tracks of Hurricane Jeanne (2004) and 

Irma (2017) are significantly improved in both the SSDA and SPNU runs as well.  

3) The simulated temperature and humidity fields capture key features and appear to closely re-

semble the driving data (reduced errors and better correlation with observations) in the SSDA 

runs than in the SPNU runs, but both are better than the CTRL runs. 

4) The storm structures produced by the SSDA runs are more realistic than that from the SPNU 

runs. The surface wind distribution and intensity are better captured in the SSDA run in Hur-

ricane Jeanne’s case, and both are better than the control run. Comparison for Irma is not con-

ducted due to the lack of observed H*wind data at the time of this study.  

The results from the studies indicate that the SPNU and SSDA techniques are both effective 

means to improve tropical cyclone intensity and track simulations by improving the large-scale 

circulation in the regional model domain. However, for the two cases studied here, SSDA runs 

seem to produce better simulations of temperature and humidity fields which are not directly 

nudged. In addition, SSDA runs also captured more realistic storm structures than those produced 

by the SPNU runs, indicating that the SSDA method enabled more balanced adjustments between 

the nudged variable (wind field used in this study) and other variables (such as temperature and 

humidity). But caution needs to be taken when working with SSDA and specially derived back-

ground error covariance for the case of interest is strongly recommended, especially for monthly 

and longer simulations to avoid the compatibility issues and reach better nudging effects. 



   

54 
 

Chapter 4: Incorporation of LHF predictor 

4.1 Predictions classified by SHE activity 

What are the potential impacts of SHE activity on the current pre-season hurricane fore-

casts? As of now, no prediction is made for the activity of multiple TCs. With limited data for 

responses and predictors and the short temporal series, its prediction faces similar problems as for 

the named storms.  

So here we take another look at the past pre-season forecasts from CSU and NCSU groups. 

Each set of past predictions are split into two groups based on the activity of SHE events: above 

the average SHE number as active group and inactive group includes years with below average 

number of SHE events. Predictions were first released in April from CSU and then updated in 

early June. The NCSU group only released early April outlooks. And the correlation coefficients 

and mean absolute error (MAE) between the observed and predicted number of named storms are 

calculated in each group for each set of predictions, respectively (Table 4.1). For all sets of the 

predictions considered here, during the active SHE years the forecasts of the named storms are 

quite poor. However, one would argue that such low-skill forecasts of the number of TCs might 

be due to the large number of individual TCs, i.e., active TC season, or the frequent occurrence of 

SHE events. Hence, we further divide the predictions by the number of TCs into two groups. Alt-

hough the resultant MAEs are smaller compared to the ones of groups split by the number of SHEs, 

the reduced amplitudes are marginal. It is expected since the counts of TCs and SHEs are highly 

correlated, it is hard to differentiate the active SHE seasons from the active TC years.   

Table 4.1 Correlation coefficients and MAEs between the observed and predicted number of named 
storms in active and inactive SHE groups for each set of predictions (* means that the correlation coeffi-

cient is significant with 𝛼 = 0.05). 

Divide by mean SHEs per year 𝑹 MAE 

NCSU-APR. 
(1991-2018) 

Active Group 0.14 5.36 

Inactive Group 0.55 2.64 

CSU-APR. 
(1995-2018) 

Active Group 0.10 4.5 

Inactive Group 0.38 3.3 

CSU-JUN. 
(1984-2018) 

Active Group 0.60* 3.22 

Inactive Group 0.71* 2.35 
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Figure 4.1 gives the evolution of MAEs between the observed and predicted number of 

TCs with the number of SHEs considered. As discussed earlier, the most active season witness six 

SHE events, the first MAE is calculated with all years considered. Years with more than five SHEs 

are ruled out to compute the second MAE, etc. For NCSU predictions, MAEs largely drop when 

seasons with only 3 or less SHEs are covered in the data. And the impact of SHEs is more stable 

from the CSU results. A quick conclusion drawn so far is that the less frequent occurrence of SHEs, 

the more confidence the seasonal predictions have.  

(a)  

(b)  
Figure 4.1 MAEs between the observed and predicted number of TCs with different number of SHEs 

considered: (a) NCSU predicitons, (b) CSU April forecasts.  

4.2 Impact of relative humidity and air-sea flux on SHEs 

Discussions of the composite analysis have revealed that the mid-level moisture play a 

crucial role in the successive hurricane events of the Atlantic Basin. In this section, we try to use 

numerical simulations to further explore the potential mechanisms associated with moisture during 
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the occurrence of SHEs. Following the comparative study between two nudging techniques (Sec-

tion 3.4), 2005 and 2012 month-long cases are selected for consistence.  

Several studies have conducted similar experiments to examine the influence of environ-

mental humidity on the TCs (Hill and Lackmann, 2009, Braun et al., 2012). Both studies are based 

on the idealized modeling of TCs lasting around a week. And composite analysis has been carried 

out on examining the relation between mid-tropospheric environmental relative humidity (Kaplan 

and DeMaria, 2003) and Saharan air layer (Shu and Wu, 2009) and TC intensity. Present study 

can be treated as ideal simulations based on the real cases, meaning that the large-scale environ-

mental conditions are extracted from the real cases instead of being idealized. However, it is not 

appropriate to compare the intensity of the detected TCs in the month-long simulation directly 

with the best track data since month-long simulations in relatively coarse grids are constrained by 

both the limit of predictability and model resolution. Therefore, the experiments should be treated 

as realistic sensitivity experiments instead of real-world case simulations. 

In the sensitivity experiment, SSDA is applied to the wind fields above 700 hPa and the 

grid nudging is used to nudge the water vapor mixing ratio fields. The importance of correcting 

wind fields and the ability of SSDA technique are demonstrated in the earlier section. The grid 

nudging is advantageous here because it can nudge grid by grid and therefore, the modified fields 

will be maintained during the whole simulation period. Since the purpose of this section is to ex-

plore the role of moisture through the development of multiple TCs, regulating the moisture fields 

through the development of SHEs is necessary. For each case, three simulations are compared: 

new control (NCTRL) in which water vapor fields are nudged towards the original driving fields; 

the other two simulations are run in drier conditions: D1 in which water vapor fields are decreased 

by 10% and D3 is decreased by 30%. All the simulations are run with SSDA correcting the wind 

fields. The detection algorithm and the criteria of TCs are described in the Section 3.4.3. To dis-

tinguish from the real cases, 2005 and 2012 SHE cases are called Group-1 and Group-2, respec-

tively. The detected TCs are labeled as VTX-1, VTX-2, ... in temporal order. The following anal-

yses are focused on the Group-1 cases for illustrative purpose only.  

Figure 4.2 gives the detected TC intensity in terms of maximum surface winds of each 

vortex. Intensity changes with time among three simulations, NCTRL, D1 and D3, are colored 

(red for NCTRL, dark green for D1, light green for D2). For most of the detected vortex, decreased 

moisture lowers TC intensity, especially around the time of strongest intensity. However, such 
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intensity reductions in D1 and D3 experiments are not necessarily proportional to moisture reduc-

tion. Although the moisture is decreased, there might not be a slow-down in the development of 

TC before it reached the greatest intensity that is observed, such as VTX-1 and VTX-3 in the 

Group-1. A notable exception is the VTX-2 of Group-1, whose intensity does not decrease dra-

matically when placed from a 10% less moist environment to a much drier environment with 30% 

less moist. A potential reason is that in the background environments, compared to the decreased 

moisture, other factors like the steering flow or wind shear may exert a larger impact on the TC 

intensity.    

 
Figure 4.2 Intensity of detected vortexes represented as maximum surface winds (unit: knot) in Group-1 

from NCTRL (red), D1 (dark green) and D3 (light green). 

Take VTX-3 and VTX-5 for examples, Figure 4.3 shows the evolution of water vapor flux 

in the horizontal and vertical directions which is first area-averaged within a radius of one degree. 
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The water vapor budget analysis is based on a simplified equation for the local time rate of change 

of the water vapor in the atmospheric column: 

𝜕(𝜚𝑞=)
𝜕𝑡 = −∇>(𝜚𝑞=𝑽𝒉) −

𝜕(𝜚𝑞=𝑾)
𝜕𝑧 + 𝐸 − 𝐶 

where 𝜚 is the dry air density, 𝑞= is the water vapor mixing ratio derived from models, 𝑉> and 𝑊 

is the horizontal and vertical wind speed. Therefore, the first two terms on the right hand side 

represent the horizontal and vertical flux convergence of water vapor, respectively. The last two 

terms represent the evaporation and condensation rates within a given location. 
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(a) (b)  

(c) (d)  

Figure 4.3 Pressure-Time cross section of area-averaged (a, c) horizontal and (b, d) vertical water 
vapor flux convergence within a radius of 1-degree for the three simulations of VTX-3 and VTX-5 of 

Group-1. 

Positive values in the lower levels signify the convergence of horizontal water vapor flux. 

In the NCTRL, the horizontal convergence zone is only confined within 1km near the surface. In 
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a drier environment (D1 and D3), the magnitudes of the horizontal convergence become smaller 

and confined in a very thin layer, implying the lack of moisture that ocean surface can provide. 

The horizontal convergence is normally associated with upward motions, which bring the moisture 

from the surface to fuel the cyclone development. In Figure 4.3b and 4.3d, the updrafts are shown 

as positive values. With decreased moisture, the vertical water vapor flux reduced as well, leading 

to weaker upward and downward motions. And the layer thickness within which there is diver-

gence of horizontal water vapor flux becomes thinner in the D1 and D3 runs compared to that in 

the NCTRL runs. The quantitative analysis of water vapor flux implies that the transport of water 

vapor in the horizontal and vertical directions are more effective with abundant amount of moisture, 

which is conducive for the convective activity and latent heat release.  

For each vortex, the area-averaged latent heat flux (LHF) within a radius of 1-degree 

around the TC center is calculated and shown in Figure 4.4. The change of LHF with time is 

consistent with that of TC intensity caused by the dry environment. Pearson correlation coeffi-

cients between the reduced LHF amount and the reduced TC intensity are 0.82 and 0.84 for D1 

and D3 runs of VTX-3, the corresponding numbers are 0.91 and 0.80 of VTX-5. All the values are 

significant with 𝛼 being 0.5.   

 
Figure 4.4 Time series of area-averaged latent heat flux (unit: W/m2) within a radius of 1-degree around 
the TC center for VTX-3 and VTX-5 of Group-1: NCTRL (red), D1 (dark green) and D3 (light green). 
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Hallam et al. (2019) first pointed out that air-sea heat flux could be another oceanic pre-

cursor that generates positive sea surface temperature anomalies which is conducive for the recent 

active hurricane seasons. In terms of pre-season prediction, they found out that it is the surface 

flux anomalies (LHF dominates) developed in the late spring/early summer shortly before the for-

mal season that made the forecast more complex. Given the previous seasonal forecast does not 

involve directly the impact of moisture-related variables, and its important role in the active TC 

years and potential active SHE seasons, we further evaluate the role of LHF and incorporate its 

EOF patterns into our statistical forecast models. 
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Chapter 5: Ensemble Prediction 

Before proceeding to examine the results obtained through ensemble optimization tech-

niques, the performances of nine statistical models are discussed first. As descripted in Section 2.3, 

nine models use different combinations of covariates over different time domains for each response 

variable. For each response, three comparisons are made: the first compares the performances of 

two cross validation methods (SWCV and LOOCV), the second compares the models constructed 

using Lasso and those generated using only the hierarchical clustering algorithm in the process of 

variable selection, and the final compares the proposed models against climatology to see if there 

is any improvement and efficiency. 

 

5.1 Performance of Ensemble Members 

5.1.1 Results from Regression Models 

Mean squared errors (MSE) and mean H-scores are used to measure the difference between 

models using the SWCV and LOOCV optimizations. Take the tropical cyclone of the Atlantic 

Basin as an example, Figure 5.1a gives the difference of MSE between climatology and each model 

(F), along with the percentage of change presented within the curly brackets. It shows that at least 

one model F with the SWCV method has lower MSE than climatology. The largest percentage of 

improvement comes from model F3B with a 22.3% improvement, in this case. Compared to SWCV, 

all models with LOOCV method show much lower MSEs than climatology. Correspondingly, 

Figure 5.1b shows the mean H-scores of each model validated using SWCV (bottom panel) and 

LOOCV (upper panel). The mean H-score is slightly higher using LOOCV than using SWCV, 

suggesting that LOOCV is a less strict method since it allows the use of future data to evaluate the 

forecasts of past seasons during the cross-validation process, which differs from the real-world 

scenario. In contrast, SWCV avoids assessing the past forecasts with future data and presents a 

more realistic scenario in the forecast procedure. Therefore, the following comparisons are made 

among the models using SWCV validation. 
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(a)  

(b)  
Figure 5.1 (a) Differences of MSE between climatology and each model F for the forecast of tropical cy-
clones in the Atlantic Basin for the SWCV or LOOCV method. The nondimensional percentage of MSE 
change, computed as (MSEClim-MSEF)/MSEClim, is given in the curly brackets. (b) H values averaged 

among all the verification years for SWCV and LOOCV methods. Positive values denote the superior 
skill of model F with Lasso applied, compared to the climatology. 

Since candidate indices are highly correlated with each other, we use Lasso to select the 

primary covariates in the process of variable selection. As a comparison, Figure 5.2 gives the mean 

H-score for the responses between the models constructed with Lasso and those without Lasso 

(using hierarchical clustering analysis only). Positive values indicate significantly better skill for 

models with the clustering algorithm. As stated earlier, the validation of the given models is ac-

complished with SWCV. For all the responses considered, the negative H-scores clearly state that 



   

64 
 

models with Lasso demonstrate better predictive skill than those in which only clustering analysis 

is applied. 

   
(a) (b) (c) 

   
(d) (e) (f) 

   
(g) (h) (i) 

Figure 5.2 Mean H values with SWCV applied between Lasso and clustering models by response: (a) 
ATTC, (b) ATHU, (c) ATMH, (d) CATC, (e) CAHU, (f) CAMH, (g) GUTC, (h) GUHU, and (i) GUMH. 
Positive values denote the superior skill of model F with clustering analysis, compared to the models with 

Lasso applied. 

The primary variables selected among each window are different; therefore, it is necessary 

to analyze the percentage of times a variable is selected for a specific response and model. Figures 

5.3 and 5.4 give a summary of the top twenty variables selected from the total 39 windows with 

Lasso or clustering analysis per response and for SWCV. NINO variables are highlighted with 

bold lines.  
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Figure 5.3 Percentage of times a variable is selected across all 39 windows (unit: %) in the model F with 
Lasso and SWCV per response: (a) ATTC, (b) ATHU, (c) ATMH, (d) CATC, (e) CAHU, (f) CAMH, (g) 

GUTC, (h) GUHU, and (i) GUMH. NINO variables are highlighted in bold lines. 

It is intriguing to note that the forecast NINO variables are selected as a predictor in the 

clustering models only for the prediction of ATTC and ATHU. In contrast, forecast JAS NINO 

variables are chosen in most Lasso models, except for the response of ATMH, CAHU, and CAMH. 

All models selecting JAS NINO variables come from F3X, suggesting the tight correlation between 

the number of storms and the hurricane-season ENSO condition. Additionally, it is worth noting 

that different predictors make different contributions to each response variable in different models. 

Certain predictors are consistently selected for some responses of the same region across all Lasso 

models. TNA in February is chosen in the forecasts of TC and HU in the Atlantic Basin. When 

predicting the 2020 season in the Caribbean, SOI of March and AO of April are selected across all 

F for TC, HU, and MH. February TNA is selected for TC and HU only in the same region. In the 

Gulf of Mexico, SOI of January and the second EOF value of the winter LHF (LHF.win2) are 

consistently picked out across all models for predictions of all three responses. In addition, 

MDROLR of February is selected for TC and MH of the Gulf of Mexico region. 
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Figure 5.4 Same as Figure 5.3, but for models with clustering algorithm. (a) ATTC, (b) ATHU, (c) 

ATMH, (d) CATC, (e) CAHU, (f) CAMH, (g) GUTC, (h) GUHU, and (i) GUMH. 

To further illustrate the selection of significant predictors, the top five most selected pre-

dictors by Lasso and clustering algorithm are shown in Tables 5.1 and 5.2, respectively. For brevity, 

only predictor-selection for ATTC is presented. The percentage of times each variable is selected 

is calculated across all 39 windows. Predictor selections for other response variables are presented 

in Figures 5.3 and 5.4 and discussed earlier. 

Table 5.1 Five most selected variables with Lasso and SWCV, for ATTC per model. Percentage of times 
a variable is selected is calculated across all 39 windows and given in the curly brackets (unit: %). NINO 

variables are highlighted in bold. 

F 1 2 3 4 5 
F1B EPO02 (56) MDRV20002 (38) MDRSLP02 (36) AMO01 (36) TNA02 (33) 
F1N EPO02 (54) TSA02 (46) MDRV20002 (44) MDRSLP02 (36) AMO01 (33) 
F1L EPO02 (44) MDRSLP02 (41) TNA02 (36) MDRV20002 (36) TSA02 (36) 
F2B TSA03 (72) NGST04 (54) TNA02 (38) EPO02 (36) MDRSLP02 (36) 
F2N TSA03 (67) NGST04 (59) TNA02 (41) EPO02 (31) NINO1202 (31) 
F2L TSA03 (69) NGST04 (51) TNA02 (44) EPO02 (33) MDRSLP02 (28) 
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Table 5.1 (continued). 

F3B EPO02 (51) MDRSLP02 (41) NINO1208 (41) TNA02 (36) AMO01 (36) 
F3N EPO02 (49) MDRSLP02 (38) TSA02 (38) NINO1208 (38) AMM01 (36) 
F3L EPO02 (44) AMM01 (44) MDRSLP02 (41) TNA02 (36) NINO1208 (36) 

Table 5.2 Same as Table 5.1, but for models with clustering algorithm. 

F 1 2 3 4 5 
F1B EPO02 (69) MDRSLP02 (67) MDRV20002 (51) MDRSLP01 (49) TSA02 (41) 
F1N MDRSLP02 (77) EPO02 (67) MDRV20002 (56) AMM01 (54) TSA02 (46) 
F1L MDRSLP02 (67) LHF.WIN3 (51) EPO02 (49) AMM01 (49) MDRV20002 (49) 
F2B TSA03 (74) NGST04 (54) TNA02 (49) NAO03 (41) MDRSLP02 (38) 
F2N TSA03 (67) NGST04 (59) TNA02 (44) MDRSLP02 (41) AMO04 (41) 
F2L TSA03 (72) NGST04 (54) TNA02 (46) MDRSLP02 (38) NAO03 (38) 
F3B EPO02 (59) MDRSLP02 (56) MDRV20002 (49) NINO1208 (44) TSA02 (41) 
F3N MDRSLP02 (67) EPO02 (56) MDRV20002 (51) AMM01 (49) WP02 (49) 
F3L MDRSLP02 (54) EPO02 (46) AMM01 (46) LHF.WIN3 (46) MDRV20002 (44) 

  
Our final goal is to compare model F with SWCV and Lasso against the climatology and 

see if there is improvement. Mean H-scores are given in Figure 5.5, and the positive values indicate 

significant difference from the climatology and there are skills brought by the specific F. For each 

response, there is at least one model F that has a better skill than the climatology, except for the 

hurricane in the Atlantic basin and Gulf of Mexico, and for major hurricanes in the Atlantic basin 

and Caribbean. Given the limitations of individual model shown in the past seasons, we turn to the 

ensemble models to see if the average prediction performance over the contributing member would 

be beneficial. 
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(a) (b) (c) 

   
(d) (e) (f) 

   
(g) (h) (i) 

Figure 5.5 Mean H values between model F with Lasso and SWCV applied, and the climatology by re-
sponse: (a) ATTC, (b) ATHU, (c) ATMH, (d) CATC, (e) CAHU, (f) CAMH, (g) GUTC, (h) GUHU, and 
(i) GUMH. Positive values denote the significant improvement of model F, compared to the climatology. 

5.1.2 Potential Benefits of Multimodel Ensemble 

To evaluate whether preseason Atlantic hurricane count predictions would benefit from 

multi-model ensemble forecasts using the existing regression models, the average of the predic-

tions from the top three models ranked by the positive mean H-scores are computed for the period 

of 2005–2019. Among all top three models, F3L (32%) and F2N (29.5%) are the most selected 

models, followed by F1L and F3N (11.4%). The difference of MSE between climatology and model 

prediction is 3.08 and 18.16, respectively for TC in the Atlantic basin from the best individual 

model (with the highest positive H-score) and the top-three model ensemble. It is apparent that 

both the best model and the ensemble results show skills over climatology. Forecasts based on the 
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top-three model ensemble improve further, leading to about 41% improvement against the clima-

tology. Additionally, for each year, the H-score was calculated and its mean and standard errors 

for the 2005–2019 period were computed using bootstrap with replacement (B = 1000). A similar 

conclusion was reached from the H-score, which showed that the best individual model and the 

ensemble prediction performed better than climatology, with an average H-score of 0.21 and 0.65, 

respectively. This demonstrates that if one can correctly identify the top performing models prior 

to issuing the preseason Atlantic hurricane prediction, the multi-model ensemble based on a subset 

of the top performing models has the potential to significantly improve the preseason prediction. 

The mean H-scores (0.65) of the ensemble forecasts based on the averaging of top-three model for 

Atlantic TC counts are in line with those reported by Colorado State University (0.60) and the 

tropical Storm Risk group (0.77) for the period of 2005–2019. 

 

5.2 Simple Average Ensemble Prediction  

To further evaluate the multi-model ensemble forecasts, we also created the predictions 

using the top 2, 4, 5 … until all contributing members based on the model ranks of mean H-scores, 

as shown in Table 5.3 for SWCV and Table 5.4 for LOOCV. For each ensemble combination, the 

weight of each member is the same, as stated earlier.  

Table 5.3 Rank of nine individual models with SWCV validation. 

Rank ATTC ATHU ATMH CATC CAHU CAMH GUTC GUHU GUMH 
1 F3B F3N F3L F2N F2B F1N F3L F1L F1L 
2 F2L F3B F1L F3N F2L F1B F1N F3N F1N 
3 F2B F3L F1N F3B F1B F3L F3B F1B F3L 
4 F3L F2N F1B F2B F1N F3N F1B F2L F1B 
5 F3N F1N F3N F3L F2N F3B F1L F1N F2B 
6 F2N F2B F2L F2L F1L F1L F3N F3L F3N 
7 F1N F2L F3B F1L F3N F2B F2N F2B F2L 
8 F1L F1B F2B F1N F3L F2L F2L F3B F3B 
9 F1B F1L F2N F1B F3B F2N F2B F2N F2N 

Table 5.4 Rank of nine individual models with LOOCV validation. 

Rank ATTC ATHU ATMH CATC CAHU CAMH GUTC GUHU GUMH 
1 F2B F2N F3N F3L F2B F1B F1N F1L F1L 
2 F3N F2L F3B F3B F2L F3N F2L F3N F3L 
3 F2N F2B F3L F2N F2N F3B F1B F3B F2L 
4 F2L F3L F1N F3N F3L F3L F3B F3L F1B 
5 F3B F3B F1L F1B F3B F1N F2B F1N F3B 
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Table 5.4 (continued). 

6 F3L F3N F1B F1N F3N F2L F3N F1B F3N 
7 F1N F1N F2L F2B F1L F1L F1L F2N F2N 
8 F1B F1B F2N F2L F1N F2N F3L F2L F1N 
9 F1L F1L F2B F2N F1B F2B F2N F2B F2B 

In general, SAE predictions using less than five members are in line with the top-three 

model SAE, but the skill is not improved with six or more models involved. Mean H-scores with 

top-three model SAE is given in Figure 5.6, in comparison with the results of SAE consisting of 

all nine models in Figure 5.7. For all responses of the 2020 hurricane season, SAE constructed 

with top-three models gives a better performance than the nine model SAE. For instance, mean H-

score from top-three model SAE for Gulf of Mexico tropical cyclones (GUTC) is 0.2 while the 

mean H-score obtained by the nine model SAE is only 0.13. 
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(a) (b) (c) 

   
(d) (e) (f) 

   
(g) (h) (i) 

Figure 5.6 Mean H values between ensemble models of top three models using different optimizations 
with SWCV and the climatology by response: (a) ATTC, (b) ATHU, (c) ATMH, (d) CATC, (e) CAHU, 
(f) CAMH, (g) GUTC, (h) GUHU, and (i) GUMH. Positive values denote superior skill of the ensemble 

model over climatology. Lr represents the ensemble model with optimization using linear regression. Avg 
represents the average of all selected models and Gd_1 represents the ensemble model with gradient de-
scent optimization with a learning rate of 0.001. Gd_2 represents the ensemble model with gradient de-
scent optimization with a learning rate of 0.0001. Gd_3 represents the ensemble model with gradient de-

scent optimization with a learning rate of 0.00001. 
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(a) (b) (c) 

   
(d) (e) (f) 

   
(g) (h) (i) 

Figure 5.7 Same as Figure 5.6, but for the ensemble model of all nine models. (a) ATTC, (b) ATHU, (c) 
ATMH, (d) CATC, (e) CAHU, (f) CAMH, (g) GUTC, (h) GUHU, and (i) GUMH. 

5.3 Optimization of Ensemble Prediction 

With the simple average ensemble method, the contributing members have the same 

weights in the constructed ensemble. In the cases where there is a large spread of predictive skills 

among ensemble members, then the advantage of ensemble would be suppressed with the same 

weight assumed. Therefore, we took further step and applied various optimization techniques to 

construct a weighted ensemble with the top-three model. More detailed information of each opti-

mization technique is discussed in section 2.4.   

Figure 5.8 shows the mean H-scores of the ensemble forecasts with the specific optimiza-

tion technique applied. And for each category, it includes the scores from the top-three model SAE 

with that of the best optimized ensemble of top-three model for each category. The machine-learn-

ing-based optimized ensemble of the top three model (ML-OP predictions) led to a higher mean 
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H-score than the corresponding SAE predictions. In the case of hurricanes and major hurricanes 

of Atlantic Basin (ATHU and ATMH), Lasso optimization improved the mean score by 0.05 and 

0.04, respectively, over the SAE. For tropical cyclone in the Caribbean (CATC), the gradient de-

scent optimization with a learning rate of 0.0001 produced the mean H-score of 0.21 with that of 

SAE being 0.18. And the linear regression optimization improved the mean H-score by 0.03 over 

the SAE for Caribbean hurricanes (CAHU), as demonstrated in Figure 5.9. 

 
Figure 5.8 Comparisons between average ensemble with top three models and that with all nine models. 

 
Figure 5.9 Comparisons between average ensemble of top three models with best optimized top three en-

semble models obtained using the methods described in Section 2.2.2. Gd_3 represents the model with 
gradient descent optimization having learning rate 0.00001. Lasso represents the model with Lasso opti-
mization. Gd_2 represents the model with gradient descent optimization having learning rate 0.0001. Lr 

represents the model with linear regression optimization. 
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5.4 Discussion  

The performance of individual and various combinations of ensemble forecasts are sum-

marized in Table 5.5. Mean H-scores are used to measure the performance of individual and en-

semble models using SWCV validation. The left column lists the nine categories of response var-

iables (ATTC, ATHU, ATMH, CATC, CATHU, CAMH, GUTC, GUHU, GUMH). The other 

columns show the best H-score for models considered. The column index (1-9) indicates the num-

ber of top performing models used in the ensemble. Index 1 means the best performing individual 

model. Index 2 means best two-model ensemble forecast, etc. Numbers in bold indicate the best 

H-score through all the scenarios. Numbers in italic are H-scores of ensemble forecasts that are 

better than the best individual model forecast. Numbers highlighted in gray are H-scores using 

SAE. It is evident that except for Gulf of Mexico tropical cyclone counts (GUTC), ensemble fore-

casts score higher than the best individual models. For example, the H-scores for all ensemble 

forecasts of Atlantic TC counts (0.19–0.23) are better than the best individual model forecasts 

(0.18). Ensembles using the top-two to top-five models generally perform better than using six or 

more models. For tropical cyclone counts of Atlantic Basin and Gulf of Mexico, ensemble fore-

casts using simple averaging of the forecasts of ensemble members perform as good as or better 

than using more complex machine learning algorithms. For major hurricane over the entire Atlan-

tic or Gulf of Mexico, and for tropical cyclone and hurricane counts in the Caribbean Sea, opti-

mized ensemble forecasts using machine learning algorithms perform better than ensembles de-

rived from simple averaging. For Atlantic and Gulf of Mexico hurricane counts and Caribbean Sea 

major hurricane counts, no model or model ensembles show any skill compared with the climatol-

ogy when validated using SWCV. The lack of prediction skill for Caribbean Sea major hurricane 

count by all models could be due to the small sample size in the relatively small study region. 

Table 5.5 Mean H-scores for individual and ensemble models using SWCV validation. The left column 
lists the nine categories of response variables (ATTC, ATHU, ATMH, CATC, CAHU, CAMH, GUTC, 

GUHU, GUMH). The other columns show the best H-score for individual models. The column index (1–
9) indicates the number of top performing models used in the ensemble. Index 1 means the best perform-
ing individual model. Index 2 means the best two-model ensemble forecast, etc. Numbers in bold indicate 
the best H-score. Numbers in italic are the H-scores of ensemble forecasts that are better than the best in-

dividual model forecast. Numbers highlighted in gray are H-scores using simple average ensembles. 

Re-
sponse  1 2 3 4 5 6 7 8 9 

ATTC 0.18 0.23 0.22 0.23 0.23 0.22 0.21 0.20 0.19 
ATHU −0.03 0.00 0.00 −0.04 −0.05 −0.05 −0.07 −0.09 −0.11 
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Table 5.5 (continued). 

ATMH −0.02 0.03 0.03 0.02 −0.01 −0.02 −0.02 −0.01 0.00 
CATC 0.12 0.20 0.21 0.20 0.20 0.18 0.17 0.16 0.14 
CAHU 0.15 0.19 0.17 0.21 0.17 0.13 0.18 0.10 0.08 
CAMH −0.01 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 
GUTC 0.23 0.22 0.20 0.19 0.18 0.17 0.16 0.14 0.13 
GUHU −0.05 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 
GUMH 0.07 0.09 0.06 0.08 0.02 0.00 0.00 0.00 0.00 

It is possible to pick the best performing ensemble forecast options for each response var-

iable based on the results presented above, but the performance of ensemble forecasts optimized 

by using machine learning techniques is limited by the skills of the ensemble members. When the 

ensemble members have common weaknesses, then such weaknesses cannot be overcome using 

ensemble optimization. In such a scenario, as in the case of Atlantic hurricane counts (ATHU), all 

existing models suffer from systematic biases, new models or modeling approaches should be 

considered instead of attempting to optimize sub-ensembles of existing biased models. 

In a closer look at the predictions of individual models (Figure 5.10), we found that large 

forecast errors occurred in all models in a very small number of years, such as 1995 and 2005. The 

year 1995 saw a hyperactive Atlantic hurricane season with 19 named storms, 11 hurricanes, and 

5 major hurricanes. It was considered the start of the transition from less active to highly active 

decadal periods. The year 2005 was the busiest season on record prior to its time, with 27 named 

storms, 15 hurricanes and 7 major hurricanes. In both seasons, none of the publicly published 

seasonal hurricane prediction models were able to predict the level of activity. These are consid-

ered outliers in a statistical sense. Removing these two years from the training and validation data 

significantly improves the forecast skill of individual models as well as the ensemble. For example, 

the H-scores for the top ranked individual and ensemble models turned positive using SWCV. This 

suggests that extreme events such as 1995 and 2005 might need to be dealt with separately from 

the other years by using different approaches. 
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(a)  

(b)  

Figure 5.10 Predictions for (a) ATTC counts and (b) ATHU counts by different models for Atlantic hur-
ricanes over the years. Avg.Acc.-3 refers to the average ensemble of top three models obtained using the 

methodology described. F3N, F3B, and F3L are the actual top three models whose average ensemble is 
formed. 

In addition, there are several directions worth future explorations. The first is the applica-

tion of more sophisticated machine learning algorithms, including some traditional nonlinear ML 

models (e.g., random forests) and LSTM or Transformers or other Deep Neural Networks (DNN) 

that have shown some promising results in predicting sequences of data. The applications of DNNs 

require large volumes of data, for which high-resolution temporal records can be useful. The sec-

ond direction is the application of fine-grained time series analysis, such as Dynamic Time Warp-

ing (DTW), which can be used to get similarity measures between years for temporal data analysis. 

The third direction is to deal with extreme anomalies and the rest of the data separately using 

different approaches. Ultimately, one needs to address the issue of predictability, i.e., with the 

limitations of available data for the response and predictor variables, what is the upper limit of 
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preseason hurricane forecast accuracy? What is the maximum forecast lead time for skillful pre-

season hurricane predictions?  
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Chapter 6: Conclusions and Future Work 

Skillful seasonal predictions of hurricane activity are crucial for policy and decision makers 

involving the government agencies and non-government organizations. At present, the hurricane 

outlooks are able to predict if the upcoming season is active or not, while there is still room for the 

improvement with correctly predicting the specific numbers of the named storms and hurricanes.  

The present study aims to bridge the gap between the current skills of extend-range forecasts of 

TC activity and the public demand for TC disaster preparedness planning and post-disaster relief 

efforts. Attempts are made in two aspects: incorporating novel predictors based on the examination 

of multiple TC events and exploring the scenarios which can potentially benefit from the ensemble 

and machine learning techniques. Figure 6 summarizes those attempts. 

The grouped breakout of TCs in the Atlantic Basin is frequently observed in the recent 

years. A concept of successive hurricane events (SHE) is proposed to describe such phenomenon. 

Further climatological study of it shows that it is an important component of the Atlantic hurricane 

activity. For a majority of the occurrence of Atlantic SHEs, it is the Rossby wave radiated by the 

pre-existing TC on which new TC starts to form and develop. However, such mechanism is limited 

to TC pairs only when the newly formed TC appears to the east of the pre-existing one. With the 

composite analysis, we found that warmer sea surface temperature, increased mid-tropospheric 

moisture and enhanced convective activity are associated with active SHE seasons. In addition, it 

might be the low-frequency motions that plays a crucial role in favoring and modulating the At-

lantic SHEs through the comparisons on different time scales. The quantitative moisture analysis 

among the sensitivity experiments implies that the horizontal and vertical transports of water vapor 

are more effective with the abundant amount of moisture, which is conducive for the convective 

activity and latent heat release related to the TC development. Given that the current seasonal 

forecast does not involve directly the impact of moisture-related variables, we further evaluate the 

role of LHF and incorporate its EOF patterns into our statistical forecast models.   

It is evident that except for Gulf of Mexico tropical cyclone counts (GUTC), ensemble 

forecasts score higher than the best individual models. With the ensemble technique, using the top-

two to top-five models generally perform better than using six or more models. However, the per-

formance of the ensemble forecasts optimized by the machine learning techniques is limited by 

the skills of the ensemble members. For the extreme years like 2005, none of the individual models 

even other publicly published seasonal hurricane prediction models were able to predict the level 



   

79 
 

of activity. In this case, then such common weaknesses among the ensemble members cannot be 

overcome using ensemble optimization. In such a scenario, as in the case of Atlantic hurricane 

counts (ATHU), all existing models suffer from systematic biases, new models or modeling ap-

proaches should be considered instead of attempting to optimize sub-ensembles of existing biased 

models. 

In this study, the concept of SHE is a general term, it includes a variety of types of multiple 

TC activities. Therefore, besides the important role of the low-frequency motions, other physical 

mechanisms associated with SHE or its sub-types should be further explored, with composite anal-

ysis or other methods. In addition, the sensitivity studies here focused more on the same-season 

effects, in other words, moisture flux and humidity effect on the TC intensity during the SHE 

events. For future study, climatological sensitivities of seasonal activity to the pre-season moisture 

flux and humidity should be conducted with climate models. Besides the techniques introduced 

and discussed in this study to improve the preseason hurricane forecast, there are other more so-

phisticated machine learning algorithms worth further explorations. How to deal with the extreme 

seasons would be another question to be addressed. The ultimate issue related to the accuracy of 

the extend-range forecast is where is its upper limit with the limitations of the responses and pre-

dictors. Further investigations are needed, into not only the role of moisture among the TCs within 

a SHE event, but also other factors worth incorporating into the forecast models. 
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Figure 6. Flow chart of the investigations discussed in the present study. 
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