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Resumen

Comprender la gama completa de mecanismos dinamicos y termodinamicos que desenca-
denan o intensi can los ciclones tropicales sigue siendo un desaf o importante para la meteo-
rolog a tropical. Durante las ultimas cinco decadas, se han realizado importantes esfuerzos
cient cos, con una amplia gama de perspectivas, dirigidos a la construccion de un marco
teorico robusto del problema, as como al desarrollo de recursos computacionales y de obser-
vacion cruciales que han mejorado signi cativamente nuestra comprension. ot estos sistemas
climaticos mortales. A pesar de los avances, aun quedan preguntas sin respuesta y un alto
grado de incertidumbre sobre la importancia relativa e implicaciones de los procesos que mo-
dulan la intensidad de las tormentas, y un margen considerable para mejorar el pronostico
de tormentas tropicales. Durante la presente tesis, el problema de la intensi cacion de los
ciclones tropicales se aborda a partir de tres estudios individuales, pero relacionados entre
ellos. En el Cap tulo 2, discutimos la variabilidad basada en el medio ambiente y la previ-
sibilidad de los cambios de intensidad de los ciclones tropicales, utilizando datos historicos,
exploramos el crecimiento del error intr nseco de los cambios de intensidad y el impacto del
medio ambiente sobre estos sistemas meteorologicos. En el Cap tulo 3, presentamos un enfo-
gue de modelado para contribuir a la comprension de la dinamica del nucleo interno de las
CT, centrandonos principalmente en las caracter sticas y variabilidad de las caracter sticas
convectivas a pequena escala, y sus principales impactos sobre la estructura simetrica de las
tormentas. All , proponemos una hipotesis sobre el papel de las caracter sticas convectivas
a pequena escala en la intensi cacion de las CT, todo ello a la luz del marco teorico exis-
tente. En el cap tulo 4, presentamos un enfoque preliminar para comprender la variabilidad

temporal de los VHT vy las corrientes ascendentes basados en observaciones satelitales.

keywords: Ciclones tropicales, huracanes, conveccion humeda, intensi cacion rapida, lluvia,

precipitacion.
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Abstract

Understanding the full range of dynamic and thermodynamic mechanisms that trigger or
intensify tropical cyclones remains a signi cant challenge for tropical meteorology. Over the
past ve decades, there have been substantial scienti ¢ e orts, with a wide range of perspec-
tives, aimed to the construction of a robust theoretical framework of the problem, as well
as the development of crucial computational and observational resources that have impro-
ved signi cantly our understanding ot these deadly weather systems. Despite the advances,
there are still unanswered questions and a high degree of uncertainty about the relative
importance and implications of the processes modulating the intensity of the storms, and
considerable room for improvement in tropical storm forecasting. During the present thesis,
the problem of intensi cation of tropical cyclones is approached from three individual, but
related among them studies. In Chapter 2, we discuss the environment-based variability and
predictability of tropical cyclone intensity changes, using historical data, we explore the in-
trinsic error growth of the intensity changes, and the impact of the environment over these
weather systems. In Chapter 3, we present a modeling approach in order to contribute to
the understanding of the TCs inner core dynamics, focusing mainly on the characteristics
and variability of small-scale convective features, and their main impacts over the symmetric
structure of the storms. There, we propose a hypothesis for the role of the small-scale convec-
tive features on TCs intensi cation, all under the light of the existing theoretical framework.
In chapter 4, we present a preliminary approach for understanding the temporal variability

of VHTs and updrafts based on satellite observations.

keywords: Tropical cyclones, hurricanes, moist convection, rapid intensi cation, rainfall,

precipitation.
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1. Introduction

Understanding the full range of dynamic and thermodynamic mechanisms that trigger or
intensify tropical cyclones remains a signi cant challenge for tropical meteorology. Over the
past ve decades, there have been substantial scienti ¢ e orts, with a wide range of perspec-
tives, aimed to the construction of a robust theoretical framework of the problem, as well as
the development of crucial computational and observational resources that have improved
signi cantly our understanding ot these deadly weather systems. Despite the advances, there
are still unanswered questions and a high degree of uncertainty about the relative importance
and implications of the processes modulating the intensity of the storms, and considerable

room for improvement in tropical storm forecasting.

During the present thesis, the problem of intensi cation of tropical cyclones is approa-
ched from three individual, but related among them studies. In Chapter 2, we discuss the
environment-based variability and predictability of tropical cyclone intensity changes, using
historical data, we explore the intrinsic error growth of the intensity changes, and the impact

of the environment over these weather systems.

In Chapter 3, we present a modeling approach in order to contribute to the understanding
of the TCs inner core dynamics, focusing mainly on the characteristics and variability of
small-scale convective features, and their main impacts over the symmetric structure of the
storms. There, we propose a hypothesis for the role of the small-scale convective features on
TCs intensi cation, all under the light of the existing theoretical framework. In chapter 4,

we present a preliminary approach for understanding the temporal variability of VHTs and



2 1 Introduction

updrafts based on satellite observations.



2. Environment-based variability and
predictability of tropical cyclone

Intensity changes.

We use the tropical cyclone (TC) \best track" data, and information from atmospheric and
oceanic reanalyses in order to review the variability of TC intensity changes (ICs), and
their relation with the large-scale environmental characteristics, with particular attention on
rapid intensi cation (RI) episodes. The probability distribution of the 24-hourly ICs exhibits
signi cant di erences for TCs under di erent environmental conditions, also, in concordance
with past studies, the probability distribution of some variables is signi cantly di erent
for rapidly intensifying TCs and non-rapidly intensifying TCs. The dependence of the TC
ICs on the environment is also evident at intra- and inter-seasonal temporal scales, the
spatial distribution of normalized RI occurrence over all the oceanic basins exhibit changes
for di erent El Nino Southern Oscillation (ENSO) and Madden-Julian Oscillation (MJO)

phases.

A brief look into the lifetime of the storms suggests that the maximum and minimum in-
tensi cation rates depend linearly on the lifetime maximum intensity and that TCs tend to
follow a similar path during their lifetimes if one looks into a maximum wind speed-intensity

change map, just that the trajectories are on average broader for intenser storms.

In order to explore the limits of the information that the environment can give about the RI
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episodes, we investigate, on a global extent, the uncertainties associated with the transition
from a steady-state storm to a rapidly intensifying one. The results document the abrupt
loss of memory and divergence of the short-term ICs in TCs and the limited information
that the environment o er about them. The most relevant variables in order to assess the RI
onset probability seem to be the maximum wind speed and its relationship to the maximum

potential intensity, the past intensity changes, and the sea surface temperature.

Also, we study the changes in the error growth of naturally occurring analogous TCs, under
di erent large-scale regimes. Despite the limitations of the data and the mediocrity on the
analogues, the results indicate that the TC intensity forecasts, based on the environment,
are more di cult for intenser storms with higher past intensi cation rates that were closer to
the maximum potential intensity limit. Also, uncertainties are higher for storms located at
colder waters, environments that o er lower maximum potential intensity, and high vertical

wind shear.

2.1. Introduction

Recognizing the limitations of the information that some variables can give us about the
current and projected states of any atmospheric system is crucial if one wants to be aware of
the natural restrictions that forecasts could have (Lorenz, 1996; Anthes et al., 1985). Tropical
cyclones, the most damaging weather systems on earth (Frank and Ritchie, 2001), involve
from dynamically small- to large-scale processes: the turbulent motion, vigorous convection,
rapid energy and momentum exchanges at the surface, and multiple interactions with the
environment make them complex multi-dimensional chaotic systems (Kieu and Moon, 2016;
Emanuel and Zhang, 2016; Nystrom and Zhang, 2019). Therefore, it is useful to try to
enlighten their characteristics from the dynamical systems theory point-of-view (Kieu and
Moon, 2016).

According to Lorenz (1969b), three main reasons explain why any weather system is not
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entirely predictable: (1) the governing laws are not strictly deterministic, (2) these laws are
also not entirely known, and (3) we cannot measure the current state of the atmosphere
with complete precision. If we refer exclusively to tropical storms, all three impediments are
fully met. Despite all the recent advances regarding numerical forecasting and conceptual
understanding of tropical cyclones, several processes are not well understood yet (Kaplan
and DeMaria, 2003; Montgomery and Smith, 2014; Emanuel and Zhang, 2016; Judt et al.,
2016; Nystrom and Zhang, 2019). Only very high-resolution models can resolve the eyewall
region processes, and their accuracy or best set-up is not precisely known (Davis et al.,
2008; Rogers et al., 2007; Rotunno et al., 2009; Rogers, 2010; Tao et al., 2011; Pattnaik
et al.,, 2011; Judt et al., 2016). Moreover, there is not complete comprehension of near-
surface interactions at high wind speeds (Nolan et al., 2009; Green and Zhang, 2014, 2015;
Emanuel and Zhang, 2016), inner-core and convective self-aggregation processes (Wang and
Wu, 2004; Montgomery and Smith, 2017; Montgomery et al., 2019), and the response of the
ocean to the storms (Sriver and Huber, 2007; Fan et al., 2009; Dare and McBride, 2011,
Zapata Henao et al., 2018). There have been signi cant improvements over the past few
decades towards precise and complete observations of these systems; nonetheless, it is still
a challenging objective, there are still di erences among real-time intensity estimates by
di erent methods using satellite- and aircraft-based observations (Landsea and Franklin,
2013). As a consequence, assimilating observations into models is also a di cult task, given
the nature of tropical cyclones, small errors in the observations being assimilated lead to
large errors in predictions (Ravela et al., 2007; Emanuel and Zhang, 2016). The factors
mentioned above are the main reasons for the relatively slow improvement in the skill of the
TC intensity forecast at the shorter lead times over the last decades, compared to the track
forecast (DeMaria et al., 2014).

The relationships between the large-scale environmental characteristics and the TC intensity
changes (IC) have been widely studied during the last decades, with particular attention on
rapid intensi cation (RI) episodes, which is when the forecasts fail more often (Kaplan et al.,
2015; Trabing and Bell, 2020), even when Kowch and Emanuel (2015) demonstrated that no

unique processes are occurring while Rl happens. Several environmental factors that control
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ICs have been addressed over the past few decades:

= The upper ocean is the main source of energy and moisture contributing to the storms
intensi cation and maintenance (Emanuel, 1986; Zhang and Emanuel, 2016), therefore,
the characteristics of the most super cial layer are very relevant for determining ICs
(Malkus and Riehl, 1960; Kaplan et al., 2015). Several studies have concluded that
the presence of a deep layer of warm water under the TC is necessary to storms
intensi cation (Holliday and Thompson, 1979; Hong et al., 2000; Shay et al., 2000).
Also, it is worth noting that according to Cione and Uhlhorn (2003) the cooling rate
of the ocean in response to the storms, which is dependant to the storm structure and

inner convective activity, is also an important factor determining the IC.

= The magnitude of the vertical wind shear is a crucial factor at determining the storm
ICs, Frank and Ritchie (2001) demonstrated that when a mature TC faces vertical
wind shear, it weakens because of the high ventilation and asymmetry induced by the
environment. Responding to the same mechanism, Rl events are likely to occur under

low vertical shear conditions (Kaplan and DeMaria, 2003).

» Several studies have shown that signi cant relationships exist between the relative
humidity at the lower- and middle-troposphere and the ICs (Kaplan and DeMaria,
2003; Emanuel et al., 2004; Wu et al., 2012). High environmental moisture can lead to
TC intensi cation, and the intrusion of dry air into the inner-core may cause weakening
by transporting air mass with low equivalent potential temperature (¢) into the storm
inow (Emanuel, 1989; Wu et al., 2015). On the other hand, an environment with
high relative humidity can be also counterproductive to TC intensi cation, because
it bene ts the formation of rain-bands, which reduce the horizontal pressure gradient
(Kimball, 2006; Ying and Zhang, 2012).

= Regarding the upper-levels characteristics, Hanley et al. (2001) and Kaplan and De-
Maria (2003) showed that systems were more likely to experience high rates of in-

tensi cation if they did not interact with an upper-level trough or cold low. Also, an
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environment with enhanced upper-level divergence is favorable for Rl episodes (Bosart

et al., 2000; Kaplan and DeMaria, 2003; Kaplan et al., 2010).

In Sect. 2.3, we explore the relationships between the probability distribution of the 24-
hourly ICs and some large-scale characteristics of the environment: the relative humidity, sea
surface temperature (SST), wind shear magnitude, relative eddy momentum ux convergence
(REFC), upper-level divergence, and maximum potential intensity (MPI). In concordance
with some past studies (Kaplan and DeMaria, 2003; Kaplan et al., 2010), we found signi cant
di erences in terms of the aforementioned environmental variables, between rapidly and non-
rapidly intensifying storms. We also explore changes on the spatial distribution of normalized
RI occurrence related to intra- and inter-seasonal oscillations, such as MJO and ENSO, at
the North West Paci ¢ (WP), North East Paci c (EP), North Atlantic (NA), Indian Ocean

(I0) and Southern Hemisphere (SH) basins.

Recently, several studies have investigated the intrinsic predictability of TCs based on either
statistical or numberical models (Sippel and Zhang, 2008; Hakim, 2013; Emanuel and Zhang,
2016; Zhang and Emanuel, 2016; Torn, 2016; Judt et al., 2016; Finocchio and Majumdar,
2017; Zhong et al., 2018), helping to understand the complex chaotic dynamics of the storms,
and to be aware of the fact that TCs may have higher predictability under some regimes.
Zhang and Tao (2013) and Tao and Zhang (2015), found that stronger wind shear leads
to increased uncertainty in RI timing, and that TCs located over warm waters intensi ed
earlier and exhibit greater intrinsic predictability compared to TCs over cooler ocean waters.
Judt et al. (2016) found that the predictability of the mean TC circulation is predominately
associated with the predictability of the large-scale environment, which is generally much
longer than that of convective-scale processes within the TC. The main problem with the
predictability of RI is that even when the environmental conditions are very favourable,
there is no certainty about when RI will occur (Judt and Chen, 2016). A relevant fact given
that almost all major hurricanes exhibit Rl at some moment during their life time (Kaplan

et al., 2010). This RI timing uncertainty is mainly attributed to inner core processes (Judt

and Chen, 2016), and currently, has not been completely quanti ed.
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Observations, on the other hand, have been much less explored in order to assess the intrinsic
and environment-based predictability of TCs, mainly due to their great uncertainties and
to the limited number of observations (Emanuel and Zhang, 2016). Zhong et al. (2018)
investigated the predictability limit of TC intensity over the Western North Paci ¢ (WNP)
basin using the non-linear Lyapunov exponent (NLLE) approach, proposed by Chen et al.
(2006), and the TC best track data. This practical methodology allows the predictability
limit to be quanti ed from local dynamic analogues (LDA). In spite of the several limitations

of the database being used, they found that the predictability limit of the maximum wind
speed is about 108h, similar results to those reported by Kieu and Moon (2016). Zhong et al.
(2018) also explored the spatial distribution of the predictability limit over the WNP basin,
and its evolution throughout the TC life cycle, evidencing the usefulness of the approach,

even with the broad uncertainties associated with it.

In order to study the uncertainties of Rl occurrence, in Sect. 2.4 we selected steady or slowly
intensifying storms for which favourable conditions for rapid intensi cation were met. For
those cases, we analyzed the statistical di erences between those storms that intensi ed
rapidly during the next 24 hours and those that not. By varying the thresholds at each one
of the selected environmental variables, we study under which conditions the uncertainty
for Rl occurrence and timing varies. Aiming to assess the limits of the information that
the large-scale variables can give about the IC, in Sect. 2.5 we study the short-term error
growth on naturally occurring environmental analogues, de ned as cases with the same initial

conditions in terms of the environment and the characteristics of the storm.

The study is structured as follows: Sect. 2.2 describes the data and variables used for the
analyses. In Sect. 2.3 we explore and review the primary relationships between the large-scale
environmental characteristics and the TC ICs variability, with particular attention to RI. In
sections 2.4 and 2.5, the uncertainties of RI, and the predictability of the TC intensity under

di erent environmental regimes are studied, respectively.
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2.2. Large-scale environmental variables

Apart from the 6-hourly o cial location, storm motion speed, and maximum sustained
wind speed (MWS) of the storms for the 1981-2019 period, which is obtained from the
U.S. Agencies and uni ed by the International Best Track Archive for Climate Stewardship
(IBTrACS), we extracted several atmospheric variables from the gridded 2.5 2.5 elds
from the global operational analysis produced by the National Centers for Environmental
Prediction (NCEP). The sea surface temperature (SST) is obtained from Reynolds and

Marsico (1993) gridded 1x 1 analysis. For the present study, we used the following variables:

= Daily sea surface temperature (SST) (Reynolds and Marsico, 1993).

= Relative humidity at the lower troposphere (RHLO), computed as the average relative

humidity from 850 to 700 hPa whitin a 200-800 km radius from the center of the storm.

= Relative humidity at the middle troposphere (RHMD), same as RHLO, but for 700-500
hPa.

= 850-200 hPa vertical wind shear magnitude (SHRD), whitin a 200-800 km radius from

the center of the storm

= Upper-troposphere (200 hPa) relative eddy momentum ux convergence (REFC) as
described by (Molinari and Vollaro, 1989), computed within a 200-1000 km radius,

which is a good indicator of trough-TC interactions (DeMaria et al., 1993).
= Upper-troposphere (200 hPa) divergence (D200) within a 1000 km radius.

= Maximum potential intensity (VMPI) as de ned by Bister and Emanuel (1998), taking

into account the dissipative heating.

= Maximum potential intensity ratio (MPIR), de ned as the actual maximum wind speed
of the storm (VMAX) over the VMPI.
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2.3. 1Cs and RI variability

In order to study the ICs variability and its relationships with the storm characteristics
and the large-scale environmental variables, we selected those tropical storms located within
-40 N and 40 N. Figure 2-1(a) shows the frequency distribution of the 24 hours ICs for each
basin, and at a global extent. RI threshold is de ned as the 95th percentile of the 24 hours
ICs (Kaplan and DeMaria, 2003), or 15.4% (see Figure2-1), in a similar way, in this
study, rapid weakening (RW) threshold corresponds to the 5th percentile of the 24 hours IC,
-12.9%. As evident from Figure2-1(a), despite the di erences among basins regarding the

probability distribution function of the IC, the probability of occurrence for ICs higher than

the RI threshold is almost the same for all the analyzed oceanic basins.

As shown in Figure2-1(b,c), the 24 hours intensi cation rate of the storms depends on
the intensity of the storms prior to the period of interest, the probability of Rl occurrence
increases in the order of 1.5 standard deviations, in terms of anomalies from the whole-
dataset histogram (see Figure2-1(a)), when the initial maximum sustained wind speed
(MWS) is between 25 and 45n=s; above 45m=s, the probability of storm weakening and
RW rises approximately 1 standard deviation. The zero-intensity-change state of the storms
is only very predominant while the MWS is lower than around 2@n=s, beyond that value,
the probability distribution function is nearly plain between 24 hourly IC of 20 and 603,
The standard error shown at Figure2-1(c), is a measure of how much each interval of the
probability distribution changes depending on the initial MWS, as seen from Figura-1(c),
there is a peak on this value, around %’;—s then it decays reaching minimum values around
-2 and 8 7>, and grows gradually towards the most extreme (negative and positive) values

24n
of the histogram.
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Figure 2-1.: (a) Probability distribution of the 24-hourly ICs of tropical storms within -40 N
and 40 N for the NA, WP, EP, SH, 10 basins and at a global extent (solid black
line), solid lines indicate the probability distribution function, and dashed thin
lines present the cumulative probability distribution function. The RI (95th
percentile), and RW (5th percentile) thresholds are also presented. (b) Proba-
bility distribution function, on a global extent, for the IC of the next 24 hours
interval in terms of the current maximum wind speed of the storm. (c) Same
as (d) but in terms of standardized anomalies of the probability distribution
function presented at (a), black dots indicate statistically signi cant di erences
between the histogram for the interval and the one that takes into account the
whole dataset; the plot located at the lower right corner of the gure shows the

standard error at each 24-hourly intensity change interval.
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2.3.1. Changes on the probability distribution of ICs related to

large-scale environmental characteristics

Several studies have widely studied the relationships between the environment and the ICs
of the storms (Malkus and Riehl, 1960; Holliday and Thompson, 1979; Emanuel, 1986; Frank
and Ritchie, 2001; Hanley et al., 2001; Hong et al., 2000; Shay et al., 2000; Bosart et al.,
2000; Cione and Uhlhorn, 2003; Kaplan and DeMaria, 2003; Emanuel et al., 2004; Kimball,
2006; Kaplan et al., 2010; Ying and Zhang, 2012; Wu et al., 2012, 2015), in this section, we
brie y review some of those relationships by looking at the uctuations of the probability

distribution of the ICs when the large-scale variables described at Sect. 2.2 vary.

In a similar way to that used at Figure2-1(c), Figure 2-2 shows the standardized anomalies
from the global 24 hours ICs frequency distribution (see Figur2-2), in terms of the SHRD,
D200, RHLO, RHMD, SST, VMPI and REFC. Variations on every one of these variables
result in statistically signi cant changes regarding the ICs frequency distribution, at a global
extent. The relationships of the frequency distributions with the SHRD, D200, RHMD, SST
and VMPI prevail at all the oceanic basins analyzed in this study. Positive anomalies at the
IC histograms are more frequent when SHRD is lower than IB=s, D200 is higher than 0.5
s 1, RHMD is between 55 and 80 %, SST is higher than 22, and VMPI is higher than 60

m=s.

Although the changes related to variations of the lower-tropospheric relative humidity are
also statistically signi cant, they are noisier than the other variables presented at Figure
2-2, this is due to variations among basins, the changes at the probability distribution are
only signi cant for the EP and NA basins (not shown). RHLO has been used in past studies
as a predictor for some statistical models for RI at NA and EP basins, such as the Statistical
Hurricane Intensity Prediction Scheme (SHIPS) (DeMaria and Kaplan, 1994), the results do
not show the same clear relationships for WP, SH or 10 basins, for this cases, RHMD seems

to have a more clear relationships with changes on the probability distribution of the IC.
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The ICs frequency distribution variation with the REFC is shown at Figure2-2(g), as it
is expected, from the Coriolis acceleration characteristics, this relation is di erent between
the northern and southern hemispheres, anyhow, it is evident that positive ICs are more
frequent when the absolute magnitude of REFC is lower than Bi=s=day that is, relative

low interaction with upper-level troughs or ridges.

Figure 2-2.: Standardized anomalies from the global 24-hourly ICs probability distribution
function (see Figure2-1) in terms of the (a) SHRD, (b) D200, (c) RHLO, (d)
RHMD, (e) SST, (f) VMPI, and (g) REFC, black dots indicate statistically
signi cant di erences between the histogram for the interval and the one that
takes into account the whole dataset. The respective standard error at each

intensity change interval is also shown.

The 24 hours IC frequency distribution also exhibit signi cant changes when varying the
MPIR, as shown in Figure2-3, RI probability is signi cantly higher when the MPIR is
between 0.4 and 0.8, and once MPIR is greater than 1, weakening and RW are more likely

to occur. Rl is also less likely to occur when the MPIR is lower than 0.2 and higher than 1.
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Figure 2-3.: (a) Probability distribution function, on a global extent, for the 24 hours ICs in
depending on the MPIR. (b) Same as (a) but in terms of standardized anoma-
lies of the probability distribution function presented at Figure 2-1(a), black
dots indicate statistically signi cant di erences between the histogram for the
interval and the one that takes into account the whole dataset; the plot located

at the right side of the gure shows the standard error at each MPIR interval.

2.3.2. The environment of steady, slowly intensifying, rapidly

intensifying, slowly weakening and rapidly weakening storms

By looking at several large-scale variables, Kaplan and DeMaria (2003), and later Kaplan
et al. (2010) showed that the probability distribution of some large-scale variables when RI
episodes occur is signi cantly di erent from the non-RI cases at the NA and EP basins.
Higher previous intensi cation rates, higher SST, lower wind shear, higher divergence, subs-
tantial di erences between the maximum potential intensity and the actual intensity of the
storm, and higher relative humidity at the lower troposphere presented the more signi cant
di erences between RI and non-RI cases. Similarly, Shu et al. (2012) extended the analysis
for the WP basin, but also separating between rapidly intensifying, slowly changing, and
rapid weakening storms, using the same variables and obtaining similar results to those ob-

tained by Kaplan et al. (2015), but including REFC as a meaningful predictor for RI. Also,
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Kotal and Roy Bhowmik (2013), obtained similar results for the TCs over the Bay of Bengal.

All the studies mentioned above developed statistical indices for forecasting RI episodes.
Nevertheless, it is always useful, in order to obtain a deeper understanding of the relationships
between variables, and for future enhancement of statistical models, separate the ICs into
more categories, and analyze the changes on the probability distribution function of the large-

scale variables. In this section, we selected RI, RW, slow intensi cation (Sl), or positive 24-

hourly ICs lower than 15.4m=s, slow weakening (SW), with negative 24-hourly intensi cation

rates higher than -12.9m=s, and steady storms (zero 24-hourly intensity change).

As shown in Figure2-4, the VMAX, the previous 24 hours intensity change (DELVp24),
and the MPIR present signi cantly di erent distributions for the ve mentioned categories.
Maybe due to the use of only two categories for separating the 24-hourly IC, Kaplan and
DeMaria (2003) did not found statistically signi cant di erences for VMAX between RI
and non-RI cases. In Figure-4(a), a clear relationship is evident, the less intense storms,
tend to be steadier, these storms grow and decay slower, on average, that intense storms.
The rapid intensi cation cases are, in terms of maximum wind speed, between the slowly
decaying storms, and the rapid decaying ones, and the overlapping coe cient (OVL) between
Rl and Sl storms is only 0.69. As observed in Figur2-4(b), and similar to past studies, the
probability of higher ICs depends, almost linearly, on the past IC, even so, the histograms

are still notably broad.

The frequency distribution of MPIR (see Figure2-5(c)) is the variable that presents the
most considerable di erences between Rl and Sl cases (OVL = 0.63). It is worth noting that
the use of this variable, instead of the di erence between the VMPI and the VMAX, usually
known as POT, allows to identify marked di erences between the histograms, the mean
MPIR for RI cases is between the steady and Sl cases, and the SW and RW ones. The results
presented in Figure2-4(c) match the current theoretical understanding of TCs intensi cation
(Emanuel, 1986; Smith and Montgomery, 2015); at higher wind speeds, the atmosphere-ocean

feedbacks are enhanced. Then, the invigorated interactions lead to stronger convection, and
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therefore to enhanced transport of vorticity from the boundary layer to the rest of the
lower troposphere, making the intensi cation process more e cient until the TC achieves its

maximum theoretical limit, after that, the weakening of the system takes place.

Figure 2-4.: Probability distribution function of (a) initial VMAX, (b) previous 24 hours
intensity change, and (c) initial MPIR; for RI (red), RW (purple), SI (orange),
SW (blue) and steady storms. The overlapping coe cient (OVL) between RI
and Sl cases, and the p-value obtained from the Mann-Withney test is presented

at the title of each sub- gure.

Similar to Figure 2-4, Figure 2-5 shows the probability distributions of the large-scale va-
riables for RI, RW, SI, SW, and steady storms. Although for all variables, there are marked
di erences between decaying and intensifying storms, the di erences between probability
distributions for RI and S| storms are signi cant but minimal, OVL for all cases is higher
than 0.95. Therefore, the information that the environment gives about RI episodes from a
crudely probabilistic point of view is limited. Anyhow, it is evident that intensifying storms
are, on average, located onto warmer waters, under low or moderate wind shear, enhanced
upper-level divergence, slightly more humid lower- and middle-troposphere, and environ-
ments with higher VMPI. As shown in Figure2-5(g), by looking at the REFC probability
distributions, the average magnitude of the interactions with upper-level troughs or cold

lows for Rl and Sl cases is also lower.
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Figure 2-5.: Probability distribution function of (a) SHRD, (b) D200, (c) RHLO, (d) RHMD,
(e) SST, (f) VMPI and (e) REFC; for RI (red), RW (purple), SI (orange), SW
(blue) and steady storms. The overlapping coe cient (OVL) between RI and
Sl cases, and the p-value obtained from the Mann-Withney test is presented at

the title of each sub- gure.

The results from this section highlight the relevance of inner-core processes and indicate that
even when the often used environmental variables give relevant information for assessing the
IC, the most helpful information in order to di erentiate SI and RI cases comes from the
particular state of the storm in terms of the VMAX, the previous intensi cation rate, and the
relation between the VMAX and the VMPI. The other large-scale variables are more useful

for determining whether the storm will intensify or weaken. Therefore, the development of
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conditional statistical models, that give particular importance to the above mentioned initial

conditions could lead to better performance on the forecasting of RI episodes.

2.3.3. Spatial distribution of Rl and its relation to ENSO and MJO

Given the close relationships of the TC ICs with the large-scale environmental conditions,
the occurrence of Rl episodes is expected to have also a marked spatial distribution over the
globe. Wang et al. (2017) found that for the NA basin, there are three regions of maximum
RI occurrence: the western tropical North Atlantic over 12N-18 N and 60 W-45 W, the

Gulf of Mexico and the western Caribbean Sea, and the open ocean southeast and east of
Florida. For the WP basin, Wang et al. (2015) showed that the region with maximum RI
occurrence tends to be more concentrated in the area betweeN&0 N and 125E-155E. In

this section, the spatial distribution of RI episodes is brie y reviewed using a %5 gridded
mesh in order to quantify the normalized occurrence of R, that is, the number of RI episodes

over the total number of data points at each pixel, using the 6-hourly tracks.

Figure 2-6(b) shows the normalized spatial distribution of Rl episodes around the globe,
some regions exhibit a normalized frequency of Rl occurrence around 12 %, and these regions
do not necessarily coincide with the regions with the maximum occurrence of TC, or more
available data points to be analyzed (see Figur2-6(a)). At the WP basin, the region of the
Philippine Sea, around 15N and between 125 and 165E presents the maximum frequency

of RI occurrence, with slightly higher values at the western zone. According to Wang et al.
(2015), this region counts with increased oceanic heat content, and lower vertical wind shear
than its surroundings. At the EP basin, the region over 1IN-18 N and 110W-90 W, south

of Central America, that coincides with the zone with highest SST during the hurricane
season of the region, presents the highest RI frequency. The southern Gulf of Mexico and
the Caribbean Sea compose the region of highest RI frequencies for the NA basin, over
that area, the highest values of oceanic heat content, and SST are presented, accompanied

with low vertical wind shear (Wang et al., 2017). Regarding the Southern Hemisphere, three
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regions come into view: (1) a zone around and 10 S, northeast of Madagascar, this
region is known for its high oceanic heat content, and low vertical wind shear (Mawren and
Reason, 2017); (2) the zone south of the Lesser Sunda Islands, and northwest of Australia; (3)
and the region over 10S-15S and 160E-160 W, at the western South Paci c. The regions
(2) and (3) are also areas with high SST during the SH TC season due to their location over
the Indo-Paci ¢ Warm Pool (Visser et al., 2003).

Figure 2-6.: (a) Number of data points used for the analyses over ax2 grid, (b) the ratio
of the number of RI cases over the total number of data for the same grid, and
(c) same as (b) but for RW.
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ENSO

It is well known that the El Nino-Southern Oscillation (ENSO), given its impacts over
the oceanic and atmospheric dynamics worldwide, in uences TC activity at all the oceanic
basins to some extent, whether it is inhibiting or enhancing convection over some particular
region. Over the WP basin, ENSO a ects the genesis, trajectory, and strength of TCs (Chan,
2000; Wang and Chan, 2002; Camargo and Sobel, 2005; Camargo et al., 2007). During the
warm (cold) phase of ENSO, TC activity increases (decreases) over the southeastern part
of the basin, and decreases (increases) over the northwestern region, during warm phases
the genesis location is also on average nearer to the equator, allowing TCs to have longer
lifetimes, and achieve higher intensities than in other ENSO phases. ENSO also in uences TC
activity in the EP basin, during warm ENSO phases, TC activity increases, and the genesis
location displaces to the west into a zone with low vertical wind shear, making them on
average long-lived and with more chances to reach the Central Paci ¢ Ocean (Irwin Ill and
Davis, 1999; Chu, 2004; Camargo et al., 2008; Kim et al., 2011). At the NA basin, ENSO
is known for being negatively correlated with TC activity (Gray, 1984). Two hypotheses
explain this behaviour: suppression of TC genesis via wind shear (Gray, 1984; Shapiro, 1987;
Goldenberg and Shapiro, 1996), and a teleconnection theory that suggests that warm, free
tropospheric temperatures that are spread eastward from the Paci ¢ via equatorial waves
can be detrimental for convection and in uence the Atlantic SST (Giannini et al., 2001;
Chiang and Sobel, 2002; Neelin et al., 2003), reducing the thermodynamic ocean-atmosphere
imbalance and lowering the theoretical maximum intensity of the storms (Emanuel, 1986).
At the Bay of Bengal, the Nin03.4 SST is negatively correlated with the accumulated cyclone
energy at the region. Under La Nina conditions, there is enhanced low-level cyclonic vorticity
and convection, and high tropical cyclone heat potential, providing favourable conditions for
TC activity, the contrary happens when El Nifo conditions are present (Girishkumar and

Ravichandran, 2012).

The ENSO also modi es the RI of TC characteristics, (Fudeyasu et al., 2018). For the WP
basin, Fudeyasu et al. (2018) showed that in El Nino years, TCs tend to undergo RI mainly
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as a result of average locations at the time of tropical storm formation being farther east
and south, whereas TC experience RI less frequently during La Nina years. NA basin also
exhibits nearly three times as many RI events during La Nina years when compared with El
Nino years (Klotzbach, 2012); RI frequency at the Bay of Bengal presents a similar behaviour
(Girishkumar et al., 2015). Figure2-7 shows the global spatial distribution of normalized
RI occurrence, as the number of Rl episodes over the total number of data points at each
2 x2 pixel, as expected, the most notorious changes on the RI spatial distribution during

di erent ENSO phases present at the Paci ¢ Ocean, followed by the NA basin.

Figure 2-7.: Number of data points used for the analysis per pixel during (a) neutral, (c)
El Nino, and (e) La Nina conditions. (b), (d), (f) same as (a), (c) and (e) but
indicating the RI episodes frequency. The ENSO phase conditions are de ned
in terms of the Oceanic Nifo Index (ONI), La Nina for ONk -0.5, El Nino for
ONI > 0.5, and Neutral for -0.5> ONI > 0.5.
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The changes on the SST distribution during El Nifo conditions lead to a higher frequency of
RI episodes at the eastern part of the WP basin, on the contrary, during La Nifa conditions,
the area with the highest RI frequency locates at the western part of the basin, over the
Philippine Sea, and has a maximum frequency of around 15 %, around 5% higher than in
neutral years. Henceforth, even when there are less RI events during La Nina years, the RI
episodes occur closer to east China and the Philippine islands, possibly causing more trouble

to the population over those regions.

For the EP basin, during warm ENSO phases the RI normalized frequency rises over the
whole region. When EI Nifo or neutral conditions are present, Rl normalized frequency is
higher than during La Nina conditions, this added to higher TC activity leads to higher
potential TC damage over the western Central America coast. For the NA basin, and the
Bay of Bengal, the behaviour of Rl matches with the TC activity, with higher normalized
RI frequency during La Nifna periods at the southern Caribbean Sea, the Main Development
Region, and near the coast of Myanmar. Also, Rl is more frequent south of the Maritime
Continent under La Nina conditions. For the South Pacic Ocean, during warm ENSO
phases, the zone with higher RI frequency extends all over the Central South Paci ¢ Ocean,

coinciding with an enhanced TC activity over that area.

MJO

The Madden-Julian Oscillation (MJO) is a globally propagating mode of tropical atmosp-
heric intraseasonal variability (Madden and Julian, 1972), it is associated with large-scale
variations in upper- and lower-level winds, vertical motion, atmospheric moisture content,
and sea surface temperatures. The global convective wave propagates eastward for approxi-
mately 40-50 days. The variability associated with the MJO is about 30-80 days, and presents
potential predictability out to about two weeks, depending on the time of year and location

of enhanced convection (Klotzbach, 2010). The RMM index, by Wheeler and Hendon (2004),

classi es the MJO into 8 phases, depending on where convection locates. Phases 8 and 1 are
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characterized by enhanced convection over the Western Hemisphere and Africa, phases 2
and 3 correspond to enhanced convection over the Indian Ocean, 4 and 5 over the Maritime

Continent, and 6 and 7 over the Western Paci c.

TC activity and genesis is strongly related to enhanced convective activity modulated, in
part, by the MJO (Frank and Roundy, 2006). The MJO enhances TC activity at the 10
and EP basins. In contrast, the relationship with the NA basin is more complicated, it is
suggested by Frank and Roundy (2006), that MJO modi es TC activity in the North Atlantic
ocean via far- eld e ects, more than by contribution to local convection. For the Southern
Hemisphere basins, TC activity seems to be very modulated by high-frequency oscillations,
such as mixed Rossby-gravity waves. Zhao et al. (2015) study the variability of tropical
cyclogenesis in the WP basin and its relationships with the MJO, in concordance with the
results from Frank and Roundy (2006) for the EP and 10 basins; they found that tropical
cyclogenesis is enhanced when an active MJO phase is located over the basin, mainly, due
to enhancement of the low-level relative vorticity and mid-levels relative humidity. Even so,
they mention the possibly higher relative importance of easterly wave large-scale patterns,

which present slightly more cyclogenesis under inactive phases of the MJO.

Gloeckler Il and Roundy (2019) performs a brie description of the MJO-TC activity rela-

tionships in terms of the RMM index: RMM phases 1, 2 and 8 are associated with increased
TC activity relative to other phases over the eastern Paci c Ocean, the increase is related
to enhanced low-level cyclonic relative vorticity and convergence and reduced vertical wind
shear, which favour TC organization. The MJO signal over the NA ocean is similar to that

over the EP basin but exhibits a less pronounced peak, and this peak coincides with RMM
phases 2, 3 and 4. WP TC activity peaks during the phases 5 and 6, and relates to the MJO

convective enhancement over the region.

Fewer studies have examined the in uence of MJO over the occurrence of Rl episodes directly.
Klotzbach (2014) showed that the number of RI periods, on a global extent, increase when

the convectively enhanced phase of the MJO is impacting a particular TC basin, concretely,
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for 24 hours periods: phases 1 and 5 enhance RI frequency at the northern 10 basin, phase 2
at the NA basin, phases 2 and 4 at the southern Indian Ocean basin, phases 6 and 7 enhance
RI occurrence over the WP basin, phases 7 and 8 at the northeast Paci ¢ Ocean, and phase
8 at the South Paci c Ocean basin. Girishkumar et al. (2015) found that the phases 3-4,
characterized by enhanced convective activity in the Bay of Bengal were active under La
Nifa regime, environmental conditions were more conducive for enhancement of TC activity
and RI of TCs compared to the same MJO phase under El Nino regime. Klotzbach (2012)
showed that RI events occur much more frequently over the Atlantic basin when the MJO
exceeds one standard deviation in phases 1-2, than when MJO exceed one standard deviation
in Phases 6-7. Aiming to achieve a brief approximation, Figurg-8 shows how the spatial
distribution of the RI normalized frequency changes with each one of the 8 MJO phases,
using the index from Wheeler and Hendon (2004) and taking into account days when the

amplitude of the MJO was higher than 0.5 standard deviations.

As shown in gure 2-8, at the WP basin, the TC activity is higher for phases 5, 6 and 7, the
normalized frequency of RI is higher for the western region of the basin during phases 4-5,
and during phases 8-1-2, that region is slightly displaced to the east, it is worth noting that
high TC activity do not necessarily mean enhanced Rl normalized frequency, for example, Rl
frequency is below 7 % all over the basin during phases 6 and 7. The EP basin presents more
storms during phases 1 and 2, but Rl is more likely to occur, once a storm is formed, during
phase 4, than in other phases, although di erences are slight. At the Caribbean region, Rl is
more likely to occur, once a storm is present, during phases 5, 6 and 7. At the South Indian
Ocean, TC activity is higher during phases 3, 4 and 5, and RI probability seems to remain
low during all the MJO phases. A zone with high probability of RI located northwest of
the Australian Coast is particularly evident during phases 2-3, and 8, and displaces to the
west, over the central Indian Ocean during phases 1, 4, and 6. Also, a region with high Rl
normalized probability presents at the southern West Paci ¢ Ocean during phases 6-7, that
region displaces to the west, southeast of Papua New Guinea and the surrounding islands,

during phases 1, 3 and 4.
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