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Supervisor’s Foreword

The thesis work was in two major parts, each of which develops a methodology
that will be widely utilized in future modeling assessments of the impacts of
climate on tropical cyclones. They are: development and testing of a new approach
to detecting and tracking tropical cyclones in climate models; and application of an
extreme value statistical approach to enable assessment of changes in weather
extremes from climate models.

The tracking algorithm applied a creative phase-space approach to differentiate
between modeled tropical cyclones and their mid-latitude cousins. A feature here
was the careful attention to sensitivity to choice of selection parameters, which is
considerable. The major finding was that the changes over time were relatively
insensitive to these details. This new approach will improve the accuracy of
assessing tropical cyclone activity from models and is already adding confidence
to assessments of future climate impacts.

The extremes approach utilized the Generalized Pareto Distribution (one of the
standard approaches to statistics of extremes) applied to present and future hur-
ricane distributions as modeled by a regional climate model, then applied the
changes to current observations to extract the changes in the extremes. Since
climate models cannot resolve these extremes directly, this provides an excellent
method of determining weather extremes in general. This is of considerable
societal importance as we are most vulnerable to such extremes and knowledge of
their changes enables improved planning and adaptation strategies.
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Chapter 1
Introduction

Tropical cyclones (TCs) are of the most extreme and dangerous weather phenomena
on Earth. In the United States, landfalling TCs account for an average of $10 billion
in damages annually [50]. Hurricane Katrina (2005) alone caused $81 billion1 in
damages and took more than 1,800 lives. In developing countries, TC landfalls can
be especially detrimental to society. For example, the death toll for Cyclone Nargis
(2008) was more than 130,000 in Myanmar (Burma).2 Due to the catastrophic nature
of TCs, substantial efforts have been devoted to improving short-term predictions of
TC track and intensity in an effort to minimize the damages and casualties.

In recent years, the relationship between TC activity and climate change has
attracted strong attention in the atmospheric research community. There are a
number of evidences suggesting that regional TC activity is going though a sub-
stantial shift that may be a response to changing climate. As discussed later in the
chapter, however, there is considerable controversy over detection and association
of trends in TC activity resulting from climate change due to uncertainties in the
observed data and the difficulty in separating natural variability and anthropogenic
forcing. Projections of future TC activity also vary considerably. The sources of
uncertainties are still being identified and tested for their relative effects on
projections of TC activity. However, reliable projections for TC activities are
critical for planning by governmental organizations and industries located near
impacted coastlines. Therefore, identifying the source of uncertainties in future
projections of TC activity and developing a mechanism to reduce the uncertainties
is of considerable societal importance.

This work examines potential future changes in North Atlantic TC activity that
may accompany with increasing greenhouse gases using the Nested Regional

1 From Pielke et al. [50], adjusted to 2005 inflation level.
2 From the article entitled ‘‘Preliminary Swiss Re sigma estimates that over 238,000 people were
killed by catastrophes in 2008, insured losses soar to USD 50 billion’’, Swiss Reinsurance
Company Ltd, 2008.

A. Suzuki-Parker, Uncertainties and Limitations in Simulating Tropical Cyclones,
Springer Theses, DOI: 10.1007/978-3-642-25029-3_1,
� Springer-Verlag Berlin Heidelberg 2012
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Climate Model (NRCM), [25]. Attention will be given to identifying inherent
limitations and uncertainties in simulating TC climatology. Approaches to reduce
some of these limitations and uncertainties will be proposed. First, we review the
current understanding of the TC-climate relationships, detection and attribution of
shifts in the observed TC records, and model projections of future TC activity. We
conclude this chapter with an outline of the thesis.

Research on TC and climate relationships has a long history. The pioneering
work by Gray [18] presented a comprehensive analysis of the characteristics of the
large-scale environment in which TC formation occurs, namely: high sea surface
temperature (SST), high low-tropospheric moisture content, a background large-
scale cyclonic vorticity, conditional convective instability, and low vertical wind
shear. Although these factors are based on their correlation with seasonal TC
formation, they have also been used to explain the TC formation variation at
interannual to decadal time scales, as outlined below.

The major contributor to TC formation variation at interannual time scales is
the El Nino Southern Oscillation (ENSO). For example, it is well known that
North Atlantic TCs are active and Northwest Pacific TCs are suppressed during La
Nina years, and vise versa during El Nino years (e.g., [5, 19]). The modulation of
TC activity in these regions by ENSO is largely related to lateral changes in the
Pacific and Atlantic Walker circulation, which modulate regional vertical wind
shear (e.g., [5, 19]). There are suggestions that the impact of ENSO events may
have changed during the last two decades with the prevalence of central Pacific
over eastern Pacific warming events. Kim et al. [27] show that TCs in the North
Atlantic actually increases beyond normal El Nino levels similarly to La Nina.
There are a number of other modes of interannual variabilities that modulate
regional TC activities, though some of these are controversial. For example: there
is some evidence linking modulation of North Atlantic TC activity by the Atlantic
Multidecadal Oscillation (e.g., [17]) and the Atlantic Meridional Mode (e.g., [35]).
In the western North Pacific, the Pacific Decadal Oscillation has been shown to
potentially impact TC intensity and track [7, 40]. On intraseasonal (30–90 day)
scales, the Madden–Julian Oscillation (MJO, Madden and Julian [41]) impacts
regional TC activity in multiple basins; Indian Ocean [3, 20], western North
Pacific (e.g., [38]), eastern North Pacific (e.g., [42]), and Gulf of Mexico [43].
Association of these modes of variability to TC activity has contributed to the
understanding of long-term variation of TC activities in different regions. Unfor-
tunately, these high-amplitude seasonal to interannual modulations of TC activity
complicate the separation of natural variability and the climate change signal.

Recent studies have identified some emerging trends in regional TC activities.
Using observed TC track data, Webster et al. [61] reported an increasing trend in
intense (Category 4+ in the Saffir–Simpson Hurricane Scale) TCs in all TC basins.
Identifying trends in North Atlantic TC activity (frequency and intensity) over the
past 40-years has attracted strong interest in part due to the availability of more
reliable observed TC track data (discussed later in the chapter). Emanuel [15]
found a distinct trend in the overall destructiveness of hurricanes, as measured by
the intensity-based Power Dissipation Index. A detailed analysis of the observed
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TC track data by Elsner et al. [13] supported the findings by Webster et al. [61]
showing that the net North Atlantic TC frequency has increased, and the upper
quartile of intensity increased rapidly during the last four decades. Collectively,
these studies lead to an agreement in the overall increase in the most intense
storms. Holland and Webster [23] suggested that the increasing trend of TC
frequency in North Atlantic has occurred over three stable regimes with rapid
changes in between, rather than a smooth linear increase.

The trends noted in North Atlantic TC frequency and intensity has been
associated with SST changes. Many studies have attributed the increasing
frequency and intensities of TCs to a local SST trend [15, 23, 26, 51, 61], while
atmospheric factors (such as vertical wind shear and low-level moisture) appear to
have little contribution [26]. The cause of local SST increase is controversial.
Some studies attribute it to anthropogenic forcing [16, 45], others to natural
variability, especially to internal oceanic variation similar to the Atlantic Multi-
decadal Oscillation (e.g., Zhang and Delworth [64]). Other work has suggested a
contribution of remote SST changes to the increasing frequency and intensities of
North Atlantic TCs [35, 53, 55, 63], whereby changes between differences in
tropical North Atlantic SST and the tropical mean SST impacts TC-modulating
large-scale environmental factors.

Detection of trends in TC frequency is complicated by the short period of
reliable observed TC track data that poses a challenge in separating trends from
multi-decadal oscillations. Individual records of TCs date back to the 1840s [29].
However, track data from the pre-satellite (before 1970s) era is generally less
reliable due to inconsistent and/or insufficient observing technology. Thus,
detection of trends from the observed TC track data is generally limited to the past
40-years, which makes it difficult to separate trends from multi-decadal oscillation
signals (e.g., [6, 17]). Efforts have been made to reconstruct the tracks of poten-
tially missed TCs for the pre-satellite era based on the reporting-ship track density
[9, 37, 56]. After adjustments are made based on these studies, an increasing trend
of TC frequency was substantially reduced [57]. An alternative approach is to rely
solely on the landfall data since this is the most trusted source. It has been con-
cluded that there is no trend in landfall TC frequency [8, 37]. However, these two
approaches have been criticized because they assume stationarity in TC track
density, and do not necessarily represent the basin wide TC activity [22].

Detection of trends in TC intensity also suffers from uncertainty in the observed
TC track data. In operational forecasting and observations of TCs, the Dvorak
technique [12] has served as the benchmark in estimating the intensity of TCs,
even in the North Atlantic, which has a long period of aircraft reconnaissance [24].
The shortcoming of the Dvorak technique is its subjectivity, in that the estimate of
TC intensity relies on visual cloud pattern recognition made by trained analysts.
Recently, [34] suggested that the historical Dvorak technique has a pronounced
bias in estimating the central minimum pressure. Further, different agencies have
adopted varying standards in implementing the Dvorak technique [28], contrib-
uting to inter-agency differences in TC trend [62]. The subjectivity in Dvorak thus
contributes to less reliability in the observed TC track data that complicates
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detection of trends. Similar issues are also found in modeling studies as discussed
later in this section.

While detection and attribution of observed TC trends remain controversial,
models have produced a relatively more consistent picture with regard to the
projected changes of global mean TC frequency and intensity under increasing
greenhouse gases. Course-resolution (namely horizontal grid spacing greater than
50 km) global atmosphere–ocean coupled models (GCMs) have been shown to be
capable of producing TC-like vortices [1, 44] and they have been used to examine
the impact of global warming on TC frequency (e.g., [2, 4, 54]). In general, these
course-resolution GCM studies have found a global reduction of TC frequency
under global warming. However, the use of GCMs for simulating TCs has been
criticized due to their incapacity to resolve some key features of TCs at fine scales
[39, 46]. Moreover, course-resolution GCMs are not capable of simulating the
intense TCs at all. [2] showed that a relatively high-resolution model projected a
significant increase in intense TCs in a warmed climate, but no such increase was
seen with a course-resolution (*200 km) model simulation. Murakami and Sugi
[47] also found a similar result. Thus, projection of TC intensity change is highly
sensitive to the model resolution.

With increasing computeing capacity, studies are now employing high-reso-
lution atmospheric general circulation models (AGCMs) and regional climate
models (RCMs). In agreement with GCM studies, AGCMs generally indicate
reduced global TC frequency with global warming [2, 49, 52, 65]. This reduction
is hypothesized to be associated with increasing dry static stability as the atmo-
sphere becomes more stable with greenhouse warming (e.g., [30]). There is also a
general consensus for an increase in mean TC intensity from high-resolution
AGCM [2, 49] and RCM experiments [31, 33, 59]. This is in line with the max-
imum potential intensity theory [14, 21], whereby higher SST provides more
favorable conditions for TCs to intensity once they are formed. Thus, there is a
general consensus for a future reduction of global TC frequency and an increase of
TC intensity. For regional changes, however, there is considerable disagreement.
For North Atlantic TC frequency, in particular, some models project an increase
[49], others a decrease [32], yet others no significant change [48].

These differing conclusions can be attributed to a range of factors. For example,
with RCMs the horizontal boundary condition has a considerable impact on
modulating the simulated TC climatology. Landman et al. [36] showed that the
simulated TC climatology is sensitive to the model domain size and location of
the lateral boundaries. Further, spectral nudging also has a strong impact on the
simulated TC climatology. For example, Knutson et al. [32] found that spectral
nudging from global analyses markedly reduced an over-production of TCs in their
model. Many AGCM and RCM experiments have adopted a pseudo-global
warming approach, whereby the future SST forcing (and lateral boundary forcing
for the RCMs) is applied as the sum of current climate variability and a mean
climate trend (e.g., [32, 49]). All GCM projections submitted to the 4th assessment
report of the Intergovernmental Panel on Climate Change (IPCC AR4) found an
increase of global mean SST. However, the spatial SST patterns increase varied
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considerably from model to model, contributing perhaps to the inconsistent pro-
jections of regional TC frequency based on the AGCM and RCM simulations
[10, 52, 65]. The importance of inhomogeneous spatial patterns of SST change has
also been emphasized by Villarini et al. [58], who successfully reproduced the
AGCM and RCM experiments results with a conditional Poisson model using the
differences between tropical mean and North Atlantic SST.

In addition to these issues with boundary conditions, there are other limitations
with simulating TC climatology by dynamical models. First, explicit simulation of
very intense storms (e.g., Category 4–5 storms) is not possible even with high-
resolution RCM models. Horizontal resolution of around 1 km is recommended
for simulating Category 5 storms [11] but running a global or regional model at
such high-resolution over climate timescales is beyond current computing
capacities. Second, the simulated TC climatology is sensitive to the TC detection
methodology that is applied. A benchmark for more objectively determined cri-
teria for TC tracking and detection is available [60]. However, TC detection and
tracking methods, and their uncertainties, are often poorly explained in existing
studies. A majority of the high-resolution model studies tune their TC detection
criteria so that the resulting TC frequency matches observations (e.g. [2, 48, 49]).
Unfortunately, this may simply cover up other model deficiencies that may result
in considerable errors in future projections. The evaluation method for simulated
TC climatology also varies considerably. Although the vast majority of studies
present the full array of TC climatological variables (e.g., frequency, intensity,
storm days), some restrict their discussions only to the simulated storm days [54],
or focus on hurricane-strength storms [65] in order to minimize the sensitivity to
TC tracking criteria. Thus, it is important to take the TC detection method sen-
sitivity and errors into account when evaluating simulated TC projections. This
should be accompanied by physical explanations in support of projected changes,
such as the simulated large-scale conditions.

Therefore, the specific goals for this work are to;

1. Develop a new method for identifying TCs in climate models and quantify the
range of sensitivity of the simulated TC climatology to the TC tracking criteria
(Chap. 2);

2. Identify model biases in the simulated TC climatology that are independent of
TC tracking sensitivity (Chap. 3), as well as new sources of uncertainties and
inherent limitations in simulating TC climatology (Chaps. 3 and 4);

3. Increase robustness of future TC activity projection to the inherent TC tracking
sensitivity (Chap. 4); and

4. Present an alternative approach to address the limitation of TC intensity pro-
jection with the dynamical model using a statistical model (Chap. 5).

A summary and discussion of the wider implications of the results can be found
in Chap. 6.
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Chapter 2
Tropical Cyclone Detection and Tracking
Method

2.1 Introduction

As described in Chap. 1, detection of TCs in operational practice may be
subjective and sometimes controversial. That is also the case for detection of
simulated TCs from model outputs. Research groups around the world have
adopted TC tracking schemes using various techniques and threshold criteria.
However, they are often not well explained [15]. Generally speaking, numerical
tracking of TCs starts by locating a localized minimum in sea level pressure (SLP)
or maximum in vorticity field to define the center of a potential TC. Then tracks
are filtered by maximum wind speed, magnitude of vorticity, a measure of warm-
core, and duration for which these criteria are met. Hereafter, for convenience,
tracking schemes using these four parameters shall be referred to as base tracking.
In addition to the base tracking parameters, some studies, especially those with
high-resolution models, have adopted some measure of vertical variation of tan-
gentional maximum wind speeds and horizontal temperature anomalies (referred
to as structure criteria), genesis location criteria, and SLP anomaly thresholds.

One of the first studies to evaluate the skill of numerical models in reproducing
the global TC climatology is Bengtsson et al. [1] using European Centre for
Medium range Weather Forecasting (ECMWF) operational global forecasting
model at *200 km resolution. They used only wind speed ([25 m s-1 at 850 hPa)
and 850 hPa vorticity ([7.0 9 10-5 s-1) criteria for detection of simulated TCs. A
little over a decade later, as model resolution increased and started to resolve the
thermal structure of TCs better, Bengtsson et al. [2] introduced warm-core and
structure criteria to provide a more accurate separation of simulated TCs from
extratropical low pressure systems. Parameters and thresholds used for TC tracking
have not been changed much since then, even though the resolution has markedly
increased. At resolutions coarser than 100 km, numerical models can only produce
TC-like vortices. But it is generally considered that models with 50 km horizontal
resolution or less can resolve the major characteristics of TCs adequately; namely

A. Suzuki-Parker, Uncertainties and Limitations in Simulating Tropical Cyclones,
Springer Theses, DOI: 10.1007/978-3-642-25029-3_2,
� Springer-Verlag Berlin Heidelberg 2012
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the eye, warm-core, axisymmetric wind circulation, and spiral bands, although not
the maximum winds or other core details (e.g., [12, 13]. Thus the TC tracking
scheme should vary to reflect the model resolution difference. However, when
studies with T42 (*300 km) resolution and 20 km resolution use a comparable TC
tracking criteria, as represented by Krishnamurti et al. [10] and Oouchi et al. [12]
respectively, them both producing reasonable global TC climatologies raises
questions of how this could occur.

Table 2.1 compares TC detection and threshold criteria from recent regional
and global climate modeling studies using horizontal resolutions of 50 km or less.
Even though model resolutions are similar, TC detection criteria exhibits a large
variation between the different studies. All of them use maximum wind speed,
relative vorticity, warm-core measure, and duration criteria. But the usage of
structure criteria and SLP anomaly between the different studies is not universal.
Variability in threshold values in each parameter is quite large, especially for
maximum wind speed (ranging from 14 m s-1 at 850 hPa to 17 m s-1 at 10 m
above the surface). Measures of warm-core are also quite diverse. Some use the
vertical mean of horizontal temperature anomalies, while others take the sum of
multiple levels. Interestingly, simulated frequencies of TCs from these studies are
all comparable to each other. Some studies use a strict/strong threshold criterion in
one parameter (limiting towards detecting more warm-core-like and/or intense
storms, e.g., higher wind speed) although often compensated by relaxing other
criteria. Consider the two studies of Chauvin et al. [3] and Stowasser et al. [13], for
example. Their model resolutions are the same at *50 km (0.5�), but in Chauvin
et al., wind speed criteria is much less strict, but all other base tracking parameters
are stricter than Stowasser et al.. All of the studies listed in Table 2.1 are global
warming experiments and the TC tracking criteria and thresholds are chosen so
that the detected number of storms matches those observed in the current era. This
may be a sensible procedure for global warming experiments, when the major
concern is for the determination of future changes. But subjectively tuning the TC
tracking method parameters does not allow for an objective assessment of the
model’s performance, leaves uncertainty in the simulated TC frequency, and
potentially impacts the changes in future climate.

This chapter assesses the TC tracking scheme in attempt to answering the
following two questions:

(1) What is the range of uncertainty associated with varying tracking parameters
and their thresholds in TC tracking schemes?

(2) Are the commonly used criteria strict enough to distinguish TCs from other
low-pressure systems?

The first point is examined through a series of sensitivity experiments. First, the
base tracking parameters are varied within the range of commonly used values,
and second, structure criteria are applied. To our best knowledge, the latter point
has not been discussed in literature. It is clear that the significance of addressing
these issues becomes more important as models are now able to simulate
mesoscale systems with greater detail, potentially making it more difficult to

10 2 Tropical Cyclone Detection and Tracking Method
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distinguish TCs from other systems such as intense extratropical storms. To aid in
this differentiation, the cyclone phase technique developed by Hart [7] is
introduced into the tracking criteria.

2.2 Description of Cyclone Phase Technique

As shown in Table 2.1, structure criteria consist of either one or both of the
conditions, V850 [ V300 and/or T0300 [ T0850, where V denotes maximum
tangentional wind and T0 is the horizontal temperature anomaly. The first condition
is based on the observed vertical variation of tangentional wind speeds, which
maximizes near the top of boundary layer (e.g., [5, 6]). The second condition is
also based on the observed vertical variation of horizontal temperature anomalies,
which maximizes in the upper-troposphere in mature TCs. Both are physically
sound conditions for TCs but they only take two different levels and do not
represent the whole vertical variation of thermal structure of low-pressure systems.

The cyclone phase technique [4, 7, 8] provides a more comprehensive measure
of the vertical thermal structure of low-pressure systems. It consists of the
following three parameters:

(i) B term: a measure of axisymmetricity, defined as the difference of 600–900 hPa
thickness, calculated within 500 km radius of the storm center, to the right and
left of the storm center with respect to the direction of storm movement;

B ¼ hðZ600 hPa � Z900 hPajR � Z600 hPa � Z900 hPajLÞ;

where h = +1 for Northern hemisphere, and h = -1 for southern hemisphere
and Z denotes geopotential height. Tropical systems are axisymmetric and
typically have values of B close to zero, whereas mid-latitudinal systems are
non-axisymmetric due to their baroclinic frontal nature and are typically
associated with B [ 10 [8].

(ii) -VTL term: a measure of the vertical thermal structure in the lower-tropo-
sphere, defined as vertical derivative of horizontal height perturbation from
900 to 600 hPa;

�jVTLj ¼ o DZð Þ
o ln p

�
�
�
�

600 hPa

900 hPa

(iii) -VTU term: similar to -VTL but for the upper-troposphere;

�jVTUj ¼ o DZð Þ
o ln p

�
�
�
�

300 hPa

600 hPa

-VTL and -VTU terms represent the vertical variation of thermal wind. For deep
warm-cored TCs, both terms are positive as the height perturbation (and hence the
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tangential wind) is maximized near the top of the boundary layer. For mid-
latitudinal systems the horizontal geopotential height perturbation is maximized in
the upper troposphere. As a result, -VTL and -VTU terms are negative.
Occasionally -VTL and -VTU terms may have different signs for a system that is
transitioning from cold-core to warm-core (or vise versa), as represented by
Hurricane Olga (2001) [8].

2.3 Sensitivity Experiment Design

Sensitivity to varying parameters and their thresholds in TC detection criteria is
explored using January–December 2005 data from the Nested Regional Climate
Model (NRCM) tropical channel simulation (described in Chap. 3). These data
cover the global tropics at 36 km resolution with 51 vertical levels archived at six
hourly intervals. We choose this dataset over reanalysis because of the horizontal
resolution. The shortfall of using the channel simulation data is that there is no
‘‘correct TC frequency’’ with which to compare the number of TCs detected from
TC tracking. Even though this simulation is driven by reanalysis, it is not
appropriate to assume that the model produces TCs at the observed frequency.
Hence, the results from the sensitivity tests are given in a relative sense; for
parameters with variable thresholds (e.g., wind speed), variations of the number of
detected TC tracks by varying the threshold values from a standard threshold will
be given, and for parameters that are either binary (e.g., structure criteria) the
difference of the number of detected TC tracks by turning the parameter on or off
are presented.

Table 2.2 summarizes parameters and their threshold ranges for the sensitivity
study. For base criteria, the maximum wind speed threshold is set to 17 m s-1 but
the vertical level at which the wind speed is measured is allowed to vary between
850 hPa, 1,000 hPa, and 10 m above the surface. This approximately corresponds
to varying the maximum wind speed from 13 to 17 m s-1 at 10 m [6]. The relative
vorticity (RV, measured at 850 hPa) threshold is varied from 1.0 9 10-5 to
5.0 9 10-5 s-1. A warm-core is defined by the sum of horizontal temperature
anomalies at 300, 500, and 700 hPa and its threshold is varied from 0 to 3 K.
Finally, the duration threshold is varied from 1 to 3 days.

Specific steps of base tracking are as follows:

• First, the sea level pressure (SLP) field is scanned to locate all local minima,
which are marked as potential centers of TCs. There is no requirement on the
minimum SLP value, or the difference from the environmental SLP value;

• Next the maximum wind speed and the magnitude of 850 hPa RV are found
within a box ±1� latitude/longitude from the SLP minimum location;

• Horizontal temperature anomalies are calculated as the difference between the
average in the TC core area (within 1� from the center) and the surrounding
environment (1–10� from the center);

2.2 Description of Cyclone Phase Technique 13
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• Once the tracker finds a feature that satisfies the base criteria of 850 hPa wind
speed [17 m s-1, cyclonic RV [ 1.0 9 10-5 s-1, and T0[ 0, it searches for
the location of the same feature at the next time step within 5� of the previous
location. If there exists more than two systems within the search box, then the
closest one to the last location is chosen.

• A successful track must retain the base parameter thresholds for at least 1 day.

After base tracking is completed, values of V850–V300, T0300–T0850 and
cyclone phase parameters are calculated along each of the tracks at each time step.
Tracks resulting from base tracking are then further filtered based on the satisfaction
of all of the base parameters, structure and cyclone phase criteria. As defined in
Sect. 2.2, the thresholds for the cyclone phase of pure tropical warm-core systems are
B \ 10, -VTL [ 0 and -VTU [ 0. The sensitivity of these criteria to varying these
cyclone phase thresholds (as described in Table 2.2) is tested in the next section.

2.4 Results

Table 2.3 shows the changes in the number of detected tracks (per year) by adding
structure and cyclone phase criteria for the strongest (maximum wind level at
10 m, RV = 5.0 9 10-5s-1, T0 = 2 K, and duration = 3 days) and the weakest
(maximum wind level at 850 hPa, RV = 1.0 9 10-5 s-1, T0 = 0 K, and dura-
tion = 1 day) base parameter combinations. Only the results from the strongest
and the weakest base combinations are presented here because the numbers of
detected tracks from all other combination lie between the two. For simplicity,
cyclone phase parameters are set to those recommended by Hart [8] for TCs.
Without structure or cyclone phase filtering, the numbers of detected tracks vary
by an order or magnitude, from 155 to 1,467 (Table 2.3, first row). With the
weakest base combination, the TC tracker detects numerous small-scale systems
such as mesoscale convective systems and orographically-induced systems in high
terrain. The extremely high count of 1,476 per year using the weakest base criteria
without structure or cyclone phase filtering is due to inclusion of such erroneous

Table 2.2 Summary of tracking parameters and their threshold ranges used for the sensitivity
experiment

Parameter Threshold range

Base tracking Maximum wind level 850 mb, 1,000 mb, or
10 m surface

Relative vorticity (s-1), 1.0 to 5.0 9 10-5

T0300 ? T0500 ? T0700(K), 0.0 to 2.0
Duration (days) 1 to 3

Structure criteria V850 [ V300 and T0300 [ T0850 Yes or no
Cyclone phase B -20 to 50

-VTL -100 to 200
-VTU -100 to 200

14 2 Tropical Cyclone Detection and Tracking Method



systems. If the maximum wind measurement level is at 10 m and duration is
increased to 3 days, the inclusion of mesoscale convective systems is reduced
significantly. But this is not sufficient to exclude some orographically induced
systems and subtropical cyclones in the Southeast Pacific (Fig. 2.1a).

Adding the structure filtering decreases the number of tracks for both the
strongest and the weakest base cases (Table 2.3, second row). Structure filtering
halves the number of detected tracks for the weakest base case and by *30% for
the strongest base case. Although the base parameters alone could not exclude
orographically induced and subtropical cyclones, the addition of structure criteria
appears to filter out these erroneous systems (Fig. 2.1b).

Table 2.3 Number of detected tracks (per year) from base tracking only (top), from base
tracking with structure criteria (middle), and from base tracking with both structure and cyclone
phase criteria (bottom)

Strongest base (win.
lev. = 10 m, T0 = 2,
RV = 5.0, duration = 3)

Weakest base (win.
lev. = 850 mb, T0 = 0, RV = 1.0,
duration = 1)

Base only 155 1,467
Base ? structure 106 691
Base ? structure ? basic

CPa
62 363

a Basic CP = recommended threshold by Hart [7] (B \ 10, -VTL and -VTU [ 0)
Left column is the strongest base case where all of parameters within base tracking are set to be

the most strict value. Right column is the weakest base case

Fig. 2.1 Tracks from the strongest base case without structure criteria (top) and with structure
criteria (bottom). Red dots are track start points, and blue lines are tracks. (a) No structure criteria.
(b) With structure criteria
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Adding cyclone phase filtering reduces the number of detected tracks further
(Table 2.3, third row). This suggests that the cyclone phase filtering is excluding
some of the systems that satisfy structure criteria and only more-TC-like systems
are allowed to pass the filtering. This will be discussed in detail later in this
chapter.

Table 2.4 summarizes the sensitivity to varying individual base parameters
when structure filtering is also applied. These changes are shown both as absolute
numbers and percentage changes from the standard case (note that % changes are
not applicable for the maximum wind measurement level which provides
the base). Here, the standard case is arbitrarily set to T0 = 2, RV = 5.0 and
duration =1. Considerable sensitivity to variations in all parameters is found when
the other parameters are set at the weakest base criteria. However, the sensitivity is
considerably reduced for the strongest base criteria, where changes to relative
vorticity or temperature anomaly criteria make no difference. The highest sensi-
tivity is to the maximum-wind measurement level (or wind speed at a particular
vertical level) and duration, as these are the only terms for which there is any
sensitivity for the strongest base case. Of course, this conclusion holds only within
the range of parameter thresholds tested here. Outside this range the conclusion
may well change.

As mentioned before, cyclone phase criteria are stricter than structure criteria in
such a way that adding cyclone phase criteria on top of structure criteria further
reduces the number of detected TC tracks (Table 2.3). This point is further
investigated here. Figure 2.2 compares the composite plots of zonal vertical cross
section of horizontal temperature anomaly for 50 cases chosen randomly where
only structure criteria are satisfied (a) and instances where both structure criteria
and cyclone phase criteria (using parameter threshold recommended by [8] are
satisfied (b). The composite using only structure filtering shows a clear sign of
warm-core structure, but is weaker when compared to the composite using both
structure and cyclone phase criteria.

However, composite analysis can be contaminated by a small number of
extreme cases, so it is instructive to examine some individual cases. Figure 2.3
shows the zonal vertical cross section of temperature anomaly for twelve randomly
chosen instances that satisfy structure criteria but fail cyclone phase criteria. Most
of the cases presented in Fig. 2.3 show a clear warm-core. However, many are not
well vertically aligned, and a few (especially the case second to the left in the
middle row) show very weak or no sign of warm-core at all. The addition of the
cyclone phase criteria (Fig. 2.4), selects a warm core that is much more compa-
rable with typical TC structures. All of the cases in Figs 2.3 and 2.4 use the
strongest combination of base tracking, which includes T0[ 2. Thus, the combi-
nation of traditional warm-core definition (as in the sum of horizontal temperature
anomalies) and structure criteria may not be sufficient to differentiate tropical
warm-core systems from other cyclonic systems. This conclusion is supported by
the scatter plot of T0 and -VTL and -VTU values in Fig. 2.5. T0[ 0 does not
necessarily mean -VTL [ 0 and -VTU [ 0 (Fig. 2.5a, b). This is also the case
even when structure criteria are applied (Fig. 2.5c, d). T0[ 0 only assures the

16 2 Tropical Cyclone Detection and Tracking Method



Table 2.4 Summary of detected number of tracks (per year) for base tracking sensitivity for (a)
varying maximum wind measurement level, (b) varying temperature anomaly, (c) varying rela-
tive vorticity, and d) track duration

(a) Vary wind level

strongest (T0 = 2, RV = 5.0,
duration = 3)

Weakest (dt = 0, RV = 1.0,
duration = 1)

# Tracks # Tracks
850 hPa 133 691
1,000 hPa 115 272
10 m 106 223

(b)Vary temperature anomaly

Strongest (win. lev. = 10 m,
RV = 5.0, duration = 3)

Weakest (win. lev. = 850 mb,
RV = 1.0, duration = 1)

T0(K) % change T0

from T0 = 2
# Tracks % change

from T0 = 2
count

# Tracks % change
from T0 = 2
count

0 -100 106 0 691 155.93
0.5 -75 106 0 569 110.74
1 -50 106 0 436 61.48
1.5 -25 106 0 337 24.81
2 – 106 – 270 –

(c)Vary relative velocity

Strongest (win. lev. = 10 m,
T0 = 2, duration = 3)

Weakest (win. lev. = 850 mb,
T0 = 0, duration = 1)

RV
(910-5 s-1)

% change RV
from RV = 5

# Tracks % change
from RV = 5.0

# Tracks % change
from RV = 5.0

1 -80 106 0 691 53.22
2 -60 106 0 634 40.58
3 -40 106 0 564 25.06
4 -20 106 0 503 11.53
5 – 106 – 451 –

(d)Vary duration

Strongest (win. lev. = 10 m,
T0 = 2, RV = 5.0)

Weakest (win. lev. = 850 mb,
T0 = 0, RV = 0.0)

Duration
(days)

% change duration
from duration = 1

# Tracks % change
from duration = 1

# Tracks % change
from duration = 1

1 -66.67 195 83.96 691 177.51
1.5 -50.00 160 50.94 573 130.12
2 -33.33 140 32.08 455 82.73
2.5 -16.67 117 10.38 323 29.72
3 – 106 – 249 –
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existence of warm-core but not the vertical variation or the location of vertical
maximum. It appears that simply taking a difference at 300 and 850 hPa is not
sufficient to capture the vertical thermal profile throughout the troposphere.

The threshold of -VTU and -VTL at 0 is determined theoretically and is
therefore set for an objective TC tracking. However, setting the threshold for B at
10 is debatable. Hart [7] and Evans and Hart [4] justify the B \ 10 cut-off because
no major hurricane has and associated value of B that exceeded 10 based on
ECMWF reanalysis. However, weaker TCs (tropical storms and category 1–2
hurricanes) can have B values exceeding 10, often times greater than 20 [4]. As the
aim of objective TC tracking is to detect hurricane strength systems and tropical
cyclones (with maximum wind speeds [17 m s-1), setting B \ 10 may be too
strict. As shown in Fig. 2.6, the sensitivity to parameter B disappears for B [ 20,
and there is no significant difference in the composite of vertical structure when
10 \ B \ 20 or 20 B B (Fig. 2.7). From these results, the threshold for B term
may be increased to (or beyond) 20 as long as the conditions -VTL [ 0 and -

VTU [ 0 are satisfied for TC detection.
Next, the base tracking sensitivity experiments are repeated with cyclone phase

filtering included, in order to assess its impact (Table 2.5). This time only maxi-
mum wind measurement level and durations are varied and tested. The sensitivity
to maximum wind measurement level is about the same with and without cyclone
phase filtering when the other three base parameters are set to be the strongest
level (though the total number has changed: compare Tables 2.4a, 2.5a). For the
weakest base case, the sensitivity to maximum winds increases from 50 to 68%
with cyclone phase filtering. This implies that the addition of cyclone phase

Fig. 2.2 Composite plots of vertical cross-section of horizontal temperature anomaly for 50
randomly chosen instances where only structure criteria is satisfied (left) and both structure and
basic (B \ 10, -VTL [ 0, and -VTU [ 0) cyclone phase criteria are satisfied (right). Both
cases are using the strongest base parameter combination. (a) Satisfy structure but not CP.
(b) Satisfy both structure and CP
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filtering causes minimal alteration to sensitivity to varying the intensity threshold.
However, sensitivity to duration threshold changes is magnified when cyclone
phase filtering is applied. For the weakest base case, as an example, the maximum
change increases from 177 to 274% (Tables 2.4d, 2.5b). Satisfaction of the
cyclone phase criteria for TCs requires the presence of a robust and vertically
aligned warm-core; such warm-cores can be short-lived. This is considered to be
the primary reason why sensitivity of duration threshold increases when cyclone
phase filtering is applied.

Fig. 2.3 Vertical cross-section of horizontal temperature anomaly for 12 randomly chosen
instances where structure criteria is satisfied but not cyclone phase. Base parameters are set to be
the strongest combination
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Finally, the sensitivity of intensity distributions to the tracking criteria is
examined. Here we compare the distributions of lifetime maximum intensity
(measured as wind speed at 10 m above surface) from the weakest and the
strongest base cases. Here both cases satisfy structure and cyclone phase filtering.
Observed intensity probability is maximized at tropical cyclone (17–33 m s-1)
strength and quickly decays towards higher intensity (Fig. 2.8). Distribution from
the weakest base case shows a similar distribution shape, but the distribution from
the strongest base case is more normal-shaped with maximum probability in
Category 1 (33–42 m s-1) strength. Note the truncation of the NRCM intensity

Fig. 2.4 Similar to Fig. 2.3, but for cases where both structure and cyclone phase criteria are
satisfied
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distributions at approximately 60 m s-1 is due to the model resolution. Once
again, intensity distribution is the most sensitive to maximum wind speed and
duration thresholds. The other two base parameters (RV and warm-core) do not
have a significant impact. This shows that relaxing tracking criteria can capture a
broader range of intensity, but at the cost of capturing spurious systems. The
number of tracks for the strongest base case is 62 (per year) but the weakest base
case is 363 as it picks up more orographically induced tracks.

2.5 Summary and Concluding Remarks

A survey of recent global/regional modeling studies of TC climatology reveals a
large variability among TC detection and tracking criteria and thresholds, even when
model horizontal resolutions are similar. Further, many of these studies do not
examine the TC detection sensitivity of their underlying parameters. Despite such

Fig. 2.5 Scatter plots of traditional warm-core definition value (sum of horizontal temperature
anomalies at 300, 500, and 700 hPa) versus -VTL (left column) and -VTU (right column) terms
without (top) and with structure criteria (bottom). N is sample population
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diversity in TC detection scheme, the resulting TC frequencies among the different
studies closely follow observations as the criteria are tuned to ensure that this occurs.
Potential risks of deliberate tuning of the TC tracking criteria include (1) lack of
proper assessment of model biases; and, (2) biasing future TC changes due to
changes in TC characteristics that are incorrectly represented in the TC trackers.

Fig. 2.6 Number of detected tracks (per year) as a function of B term for the strongest (red) and
the weakest (blue) base parameter combinations, when structure criteria, as well as conditions -

VTL [ 0 and -VTU [ 0 are satisfied

Fig. 2.7 Composite plots of vertical cross section of horizontal temperature anomaly of 50
randomly chosen instances satisfying the strongest combination of base criteria, structure criteria,
and -VTU [ 0 and -VTL [ 0, with (a) 10 \ B \ 20, and (b) B C 20
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This study has examined the inherent sensitivity of TC detection to each TC
tracking parameter. Parameter thresholds are varied across a reasonable range and
tested for their relative impacts on the number of detected tracks. For an improved
distinction of TCs from other low-pressure systems, the cyclone phase technique
[7] is introduced to the TC tracking. The base data are the NRCM tropical channel
simulation (Chap. 3).

The number of detected TCs can vary from none to more than 1,000 per year
depending on the parameter configuration. Within the base tracking component,
wind measurement level (equivalent to intensity) and duration provide the highest
TC detection sensitivity. It is further shown that base tracking alone may not be
enough to exclude orographically induced tracks and subtropical cyclones in South
Pacific within the range of commonly used parameter values. Addition of structure
criteria helps reduce detection of these erroneous TC. Further, vertical cross
sections of horizontal temperature anomaly indicated that structure criteria can be
satisfied even though there is no clear warm-core. Including cyclone phase
parameters provides a more robust approach to detecting valid TCs with vertically
aligned warm-cores. However, this also increases the detection sensitivity to
cyclone maximum winds and duration parameters. It is also shown that the
intensity distribution is sensitive to the TC tracking criteria. The stricter the
intensity criteria, the more normal-shaped the distribution becomes.

In the subsequent analysis for the NRCM channel simulation (Chap. 3) and
North Atlantic climate change experiment (Chap. 4), the following thresholds and
criteria are used;

Fig. 2.8 Normalized
probability (normalized by
the maximum population) of
lifetime maximum intensity
of TCs satisfying the weakest
(blue) and strongest (red)
base criteria combinations,
and of the observed TCs
(black)
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• Maximum wind speed measured at 10 m surface [17 m s-1

• RV [ 1.0 9 10-5 s-1

• Sum of horizontal temperature anomaly at 300, 500, and 700 mb [ 2.0 K
• Structure criteria satisfied
• B \ 10, -VTL [ 0 and -VTU [ 0
• Duration [2 days

Maximum wind speed threshold is based on the recommendation by Walsh
et al. [15], who developed an objective framework for resolution-dependent
intensity cut-off for numerical detection of simulated TCs. Structure criteria is kept
to reduce erroneous tracks associated with orographically induced phenomena and
to accelerate the track filtering process. The cyclone phase technique, even though
treatment of B term may still be an issue, is adopted in order to detect only tropical
warm-core systems. Other parameters are chosen to match the visual examinations
of cyclone development using movie loops of 850 mb wind speed, OLR, and
precipitable water.

The level of uncertainty in the number of detected tracks associated with TC
tracking is infinite in the sense that one may tune the tracking parameters to detect
no TCs or as many as thousands per year. While quantifying the level of uncer-
tainty associated with TC tracking criteria is not possible, it is still helpful to set a
sensible level of uncertainty. To do this, we arbitrarily choose to apply the level of
uncertainty in the observed TC track data to the TC tracking. Unfortunately there
is no established level of uncertainty in observed TC track data. A reasonable
assumption is that the level of uncertainty in the observed data is proportional to
the data resolution. Intensity is usually recorded in five knot (*2.5 m s-1)
increments, and the temporal resolution is 6-hourly. These increments are applied
to TC tracking intensity and duration thresholds to test the inherent uncertainty, as
summarized in Table 2.6. These provide a first order estimate of the level of
uncertainty associated with TC tracking criteria.

Table 2.6 Number of detected tracks and % changes by varying both intensity (10 m surface
wind by 2.5 m s-1) and duration (by 6-hours) thresholds from the standard set (intensity: 17 m
s-1 at 10 m surface, duration: 48-h

19.5 m/s, 54 h 17 m/s, 48 h 14.5 m/s, 42 h

# of tracks % change # of tracks # of tracks % change

North Atlantic 10 -16.7 12 14 16.7
East Pacific 8 -11.1 9 14 55.6
West Pacific 23 -11.5 26 33 26.9
Southeast Pacific 3 -40.0 5 7 40.0
Southwest Pacific 5 -44.4 9 15 66.7
Western Australia 5 0.0 5 10 100.0
North Indian 2 -60.0 5 6 20.0
South Indian 18 -18.2 22 26 18.2
Global 73 -21.5 93 125 34.4
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Chapter 3
Simulated Tropical Cyclone Climatology
in the Tropical Channel Experiments

3.1 Introduction

As described in Chap. 1, coarse resolution GCMs are capable of producing hur-
ricane-like vortices. However, they cannot resolve the hurricane core or the
intensity of the hurricane. In addition, they cannot resolve the mesoscale processes
that contribute to genesis [25]. Coarse-resolution GCMs also have high tropical
biases that generally underestimate precipitation [5, 29], and also poorly simulate
tropical modes such as monsoons and convectively coupled waves (e.g. [26]).
Capturing these tropical modes is important to simulating TC genesis and devel-
opment (e.g., [3, 8, 11, 13, 14, 30]). Since current computing capacity is not
sufficient to run global models at very high resolution over decadal time scales, an
alternative is to nest a high-resolution mesoscale model within a GCM over a
region of interest. This approach has been shown to improve the simulation of TC
frequency and structure compared to those in GCMs [23, 34] and it is the general
approach adopted here. The Advanced Research WRF model version 3 (ARW,
[32]) has been adapted and nested within either reanalysis or a GCM to simulate
regional climate as the Nested Regional Climate Model (NRCM, [15]). Such
regional climate modeling is still in its infancy and there remains much to
understand about simulating regional climate at high resolution [24]. This work is
an attempt to contribute to the understanding of high-resolution climate projection.

Two sets of hindcasting experiments are made with the NRCM: a tropical
channel configuration with one-way nesting from analysis boundary conditions
and a second, a North Atlantic nest within the channel model at higher resolution
and with two-way horizontal boundary conditions. This chapter evaluates the
simulated TC climatology of these NRCM hindcasting experiments with emphasis
on the robustness between the ‘‘simulated’’ (detected) TC frequency from TC
tracker and the model biases. TC tracking criteria are tuned to match the visual
examination best (Chap. 2) but at the cost of increased influence of subjectivity. So
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the aim is to increase the objectivity in the simulated TC climatology evaluation by
mirroring the TC tracking results to the simulated large-scale characteristics.

A number of recent papers have examined tropical variability in the same
simulation presented here, such as the Madden-Julian Oscillation (MJO), con-
vectively coupled waves, and the mean climate simulated by the regional model
[8, 33]. These studies are referred to throughout the chapter.

3.2 Model Description and Observational Data

The domain of the tropical channel version of NRCM spans 45�S to 45�N with a
periodic boundary at the Greenwich meridian (Fig. 3.1). Horizontal resolution is
36 km with 51 vertical levels up to 10 hPa. The NCEP/NCAR reanalysis [21] is
used to provide northern and southern boundary conditions at 6 hourly intervals.
Monthly AMIP SST [19], interpolated to 6 h increments, provides lower boundary
forcing. The following parameterizations are used: Kain-Fritsch convective
parameterization [20]; the Community Atmospheric Model 3 (CAM3) radiation
scheme for short- and long-wave radiation [4]; the Yonsei University (YSU)
planetary boundary layer scheme [17]; the WRF Single-Moment 6-Class Micro-
physics Scheme (WSM6) for explicit precipitation processes [16]; and the Com-
munity Noah Land Surface Model (LSM, [10]). These physics options were
chosen following extensive testing of long-term simulations with NRCM over the
continental U.S. [7].

Two simulations are examined in this chapter: a full channel simulation from
2000 to 2005 with 36 km horizontal resolution, and a second simulation from 1
May 2005 through 1 December 2005 incorporating a 12 km resolution regional
domain over the North Atlantic (0–35�N and 20–100�W, solid red box in Fig. 3.1),
which is two-way nested within the 36 km tropical channel domain. Parameter-
izations and forcing are the same for both simulations except that the SSTs are
derived from weekly AMIP SST for the nested domain. A more detailed
description of the two-way nesting is provided in Sect. 3.3.2.

Fig. 3.1 The NRCM tropical channel domain. Black solid lines are TC basin boundaries. The
red box indicates the 12 km child domain for two-way nested simulation
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Simulated TCs are extracted from the simulations using the tracking method
described in Sect. 2.5. Observed TC statistics are obtained from the International
Best Track Archive for Climate Stewardship (IBTrACs, [22]) version v01cor-r01.
IBTrACs contains all tropical systems recorded by at least one agency around the
world including non-named tropical depressions. So to be consistent with the TC
tracking method used in this study, storm tracks with lifetime maximum wind
speed of 17 m s-1 or less are excluded from the observed TC statistics. This
filtering excludes about 20% of archived tracks from IBTrACs, resulting in 611
tracks for 2000–2005. It also removes most of the storm tracks with duration of
less than 48 h, such that only six out of 611 tracks have a duration of 48 h or less.
Removing these six tracks from the observed data makes little difference in the
overall statistics. The NCEP/NCAR reanalysis is used as the observational base
when comparing the simulated large-scale patterns.

3.3 Simulated TC Climatology

3.3.1 Channel 6-Year Simulation (2000–2005)

As shown in Fig. 3.2, the overall spatial pattern of TC genesis locations is well
captured in the NRCM, although there is a tendency to overproduce TCs partic-
ularly in the Northwest Pacific and in the Southern Hemisphere. Figure 3.3
compares simulated and observed annual TC frequency in each of the TC basins
defined in Fig. 3.1. In the Northwest Pacific (Fig. 3.3c), simulated annual TC
frequency is higher than observations with the exception of year 2000. For
2001–2005, the observed annual TC frequency is consistently outside of the level
of uncertainty associated with TC tracking criteria (the definition of the level of
uncertainty associated with TC tracking criteria is found in Sect. 2.5), indicating
that over prediction of TCs in NRCM for the Northwest Pacific is likely a sys-
tematic bias. A similar over production occurs in the South Indian Ocean
(Fig. 3.3h). Indications of over production of TCs are noted in other basins, but the
bias is less than those in the Northwest Pacific and the South Indian Ocean. The
only exception is in the North Atlantic, where NRCM lacks TC genesis in
the Main Development Region (MDR, tropical North Atlantic west of the African
coast) (Fig. 3.2) and annual TC frequency is significantly underestimated
(Fig. 3.3a). The overall tendency of over production of TCs contributes to the
global overestimate of TCs compared to observations (Fig. 3.4). Although
the choice of TC tracking criteria largely controls these statistics, there are also
some dynamical reasons for the biases in simulated TC frequency.

Figure 3.5 shows the simulated and observed large-scale factors that are known
to affect TC genesis [12] and Fig. 3.6 shows the model bias (model minus
observations). The general low-tropospheric wind pattern is well captured in the
NRCM but the magnitude of the zonal flow is enhanced in the tropical North
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Pacific and so is the westerly flow in Indian Ocean (Fig. 3.5a, 3.6a). Zonal con-
fluence is especially intensified in the tropical Northwest Pacific where most of the
TCs form (Fig. 3.6a). Vertical wind shear is positively biased along the equator
(Fig. 3.6b) but nonetheless sufficiently low (less than 12 m s-1) for TC genesis in
most of the active TC basins (Fig. 3.5b). However, 700 hPa humidity and moist
static instability are also overestimated in most of the TC basins (Fig. 3.6c, d).

Tulich et al. [33] analyzed the same simulation presented in the current study
and found that there is a high bias in the annual mean precipitation over much of
the tropical ocean, indicating that the simulated tropical convections tend to be
over-active in the model. The only exception to this tendency is the tropical
Atlantic where the annual mean precipitation is underestimated in the model. The
exact cause of this over-active convection is not known, but the convective
parameterization appears to be a contributing factor [33]. Having too much con-
vection does not necessarily lead to more TC genesis, because numerous scattered
short-lived convections would distribute low- and mid-level heating across the
area and would not allow for an organization of convective systems. A spectrum
analysis of precipitation shows that the NRCM underestimates short-lived con-
vective systems, and over-predicts long-lived ([6 days) convective systems,
especially the Rossby-type easterly waves [33]. Excessive TC genesis in the
NRCM is driven by a combination of low simulated vertical wind, enhanced long-
lived convective systems, high moisture content and enhanced instability.

Fig. 3.2 Density plots of TC genesis locations from (a) the NRCM simulation and (b) observa-
tions. Genesis occurrence is cumulated for 6-years (2000–2005) for every 5� grid boxes
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In addition, there are some notable regional biases that could have contributed
to the local biases in TC genesis. The overestimate of Northwest Pacific TCs may
be partly driven by the anomalously high Asian monsoon flow in the NRCM. Here,
there is a region of zonal confluence associated with the exit of low-level easterlies
and the eastern end of the Asian monsoon (Fig. 3.7b). Easterly waves entering this
confluence are thought to form TCs by wave energy accumulation processes

Fig. 3.3 Annual frequency of TCs simulated by the NRCM (solid red lines) and the level of
uncertainty associated with TC tracking criteria (dotted red lines), and the observed TC frequency
(blue lines) for each of TC basins: (a) North Atlantic, (b) East Pacific, (c) Northwest Pacific,
(d) Southeast Pacific, (e) Southwest Pacific, (f) Western Australia, (g) North Indian Ocean, and
(h) South Indian Ocean. TC basin boundaries are as shown in Fig. 3.1. Values r are the
correlation between the simulated and the observed TC frequencies
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[8, 14, 35]. In the NRCM, the magnitude of zonal confluence is stronger compared
to observations (Fig. 3.7a), and is primarily driven by the anomalous westerly
flow associated with the Asian monsoon (Fig. 3.7c). Enhanced wave accumula-
tion processes, combined with the model’s over-convective tendency, potentially
contributed to the over prediction of TCs in this region. Our analysis is consistent
with Tulich et al. [33], who found excessive wave-induced TC genesis in the
Northwest Pacific region in the same NRCM simulation.

The underestimation of TCs in the North Atlantic appears to be associated with
a lack of moist African Easterly Waves (AEWs, [11] in the model. Mesoscale
convection embedded in AEWs often becomes precursor to TC genesis (e.g., [1]).
The NRCM simulates the dry, large-scale components of AEWs quite well; a
spectrum of meridional wind variance in Fig. 3.8 clearly shows a 2–6 day maxi-
mum. The spatial distribution of 2–6 day filtered meridional wind is in a good
agreement with observations (Fig. 3.9), except for the NRCM underestimating the
variance over the MDR, which suggests that AEWs in the NRCM quickly dissipate
as they move over the ocean. Further, a spectral analysis of precipitation reveals
that the variance of westward propagating convective clusters is markedly
underestimated in this region [33]. This finding is intriguing as the NRCM has high
biases in low-tropospheric moisture content and moist static instability (Figs. 3.5,
3.6). This implies that a mechanism for effectively using these thermodynamical
conditions in the maintenance of convective systems embedded in AEWs appears
to be lacking in the NRCM. The underestimation of TC genesis in the North
Atlantic cannot be attributed to the vertical wind shear, which is sufficiently low.
Thus, it appears that the underestimation of TC genesis in the North Atlantic is
associated with the poor development and maintenance of moist and convective
AEWs over the ocean.

Fig. 3.4 Annual TC frequency simulated by the NRCM for the whole tropical channel domain
(red bars) with the level of uncertainty associated with TC tracking criteria (black error bars),
and the observations (blue bars)
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Fig. 3.5 Simulated seasonal mean fields of TC-modulating environmental factors averaged over
the TC season (August–October for Northern Hemisphere, and December–February for Southern
Hemisphere). From top, (a) 850 hPa wind vectors and zonal wind speed (colored contours,
m s-1), (b) 200–850 hPa vertical wind shear (m s-1), (c) 700 hPa relative humidity (percent),
and (d) moist inertial instability defined as the difference of equivalent potential temperatures at
600 hPa and surface levels (K)
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Fig. 3.6 Similar to Fig. 3.5, but the difference between the NRCM and observations (model
minus observations)
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Fig. 3.7 Vector plots of August–October 2000–2005 averaged 850 hPa winds (m s-1) and TC
genesis location density (color contours) from (a) the NRCM, (b) observations, and (c) the
difference of the two (model minus observations)
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Interestingly, however, the simulated interannual variability of TC frequency is
well correlated (r = 0.84, Fig. 3.3a) with observations in the North Atlantic. There
is no statistical significance to this correlation due to the limited 6-year period of
the simulation. But the high correlation in the North Atlantic stands out compared
to other basins (Fig. 3.3). Hopsch et al. [18] found that the interannual variability
of TC genesis in the MDR is more strongly correlated with the dry, large-scale
components of AEWs, rather than the mesoscale convections that are embedded
within AEWs. Our simulation results from the NRCM appear to be in agreement
with these findings.

Figure 3.10 compares PDFs of lifetime maximum intensities from the model
and observations. The observed curve is skewed with a maximum near tropical
cyclone (17–32 m s-1) strength. However, the simulated curve is more Normal-
shaped, and maximized at Category 1 (33–42 m s-1) strength. The wind-pressure
relationship (Fig. 3.11) shows that the simulated wind speed is underestimated
when compared to observations for a given pressure under *970 hPa, implying
that the resolution of the NRCM (36 km) is not sufficient to resolve the steep
pressure gradient observed in intense storms. These are well-known issues with
other comparable regional models (e.g. [2, 28, 34]). Meanwhile, the occurrence of
weaker storms is also underestimated. This is partly due to the 17 m s-1 cut-off in
TC tracking criteria (Sect. 2.4). There is also a tendency to overestimate the
intensity of weak storms by the model [6, 9], but it is not known how much of this
tendency is contributing to the intensity distribution bias seen here.

Fig. 3.8 Time spectrum of
700 hPa meridional wind
averaged over 10–208W and
10–20�N from June to
October, 2000–2005 from the
NRCM
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3.3.2 High-Resolution Two-Way Nested Simulation
for the North Atlantic (May–November 2005)

The two-way nesting simulation utilizes two domains with different horizontal
resolutions: a larger parent domain with coarser horizontal resolution, and a
smaller child domain nested within the parent domain with finer horizontal reso-
lution. The two domains integrate in a sequence. The parent domain integrates to
the next time step first and provides boundary conditions for the child domain.
Next, the child domain integrates with a finer time step that is proportional to the
horizontal resolution ratio of the parent and child domains. Then, the solution of

Fig. 3.9 Variance of the 2–6 day filtered meridional wind (m s-1) at 700 hPa for June-October,
averaged over 2000–2005 from (a) the NRCM and (b) observations

Fig. 3.10 Probability distribution functions of TC lifetime maximum wind speed (m s-1) for the
NRCM non-nested simulation (black) and observations (blue)
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the child domain replaces that of the parent domain. In our case, the parent domain
is the 36 km resolution tropical channel domain, and the child domain is the 12 km
domain covering the North Atlantic (Fig. 3.1).

We will present (1) the upscale (from child to parent) impact of two-way
nesting in the general simulated climatology of TCs by comparing the results from
the parent domain to the original 6-year tropical channel 36 km simulation
(hereafter referred to as non-nested run), as well as (2) the impact of an increased
resolution to the simulated TC intensities comparing the child domain with the
non-nested run.

Figure 3.12 compares the simulated TC tracks from the parent and child
domains of the two-way nested run (panels b and c, respectively), as well as from
the 6-year non-nested run (panel a). The same tracking criteria are used to detect
simulated TCs in all cases.

Comparing the parent domain and the non-nested run reveals the upscale
impact of the high-resolution two-way nesting (Fig. 3.13a, b). The addition of a
high-resolution nest (the child domain) improved the overall TC climatology with
an increase in TC frequency from 13 (non-nesting) to 16 (two-way nesting),
although this was still less than the observed number of 25 for the period of May–
November 2005 (excluding tropical depressions to be consistent with the TC
tracking).

A remarkable difference is that the high-resolution nesting produced three TCs
east of 30�W in the parent domain. This is significant as there was no TC genesis
simulated east of 30�W in the entire 6-year non-nested run (Fig. 3.2).

Fig. 3.11 Scatter plots of TC maximum wind speed (m s-1) and minimum sea level pressure
(hPa) for all TCs at their lifetime maximum intensity, from the NRCM non-nested 6-year
simulation at 36 km resolution (blue dots), the NRCM two-way nested 12 km domain (red dots),
and from observations (black dots). Quadratic fit for each is also shown
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The non-nested run had a marked dry bias in mesoscale convective systems
embedded in AEWs, which was intriguing as the simulated thermodynamic con-
ditions were biased more favorable towards moist convective activities (Fig. 3.6).
These seemingly contradicting findings hinted for a lack of mechanism that takes
advantage of thermodynamic conditions in maintenance of convective systems in
the non-nested run. Comparing the Hovmöller diagrams of 2–6 days filtered
precipitation indicates that there are more precipitating, moist convective systems
embedded in AEW in the two-way nested run when compared to the non-nested
run (Fig. 3.13). Here, mesoscale convective systems are better resolved in the
child domain, owing to the increased resolution (Fig. 3.14). Better resolved pre-
cipitating convection in the child domain is forced to the parent domain, resulting
in more precipitation for the parent domain in mesoscale convective systems

Fig. 3.12 TC tracks (blue line) and their genesis locations (red dots) from (a) non-nested
simulation (shown tracks originated in 2005 May–November only), (b) two-way nested
simulation 36 km parent domain, and (c) two-way nested simulation 12 km child domain. Think
black lines in (c) denote the 12 km child domain boundaries
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embedded in AEW. The latent heat release from these convections allows for a
better organization of convections and leads to an increased chance of TC genesis.
This finding suggests that model resolution is a key factor in realizing the
mechanism to maintain moist convective systems in AEW from favorable ther-
modynamic conditions. But it is not the sole factor, as will be shown in Chap. 4.

Figure 3.12c shows the simulated TC tracks in the 12 km child domain (the
boundary locations are denoted with dotted lines). The child domain developed 20
TCs within its boundaries. It is still less than observed but is an increase from the
16 TCs found in the 36 km parent domain. Of the 16 storms that are present in
both domains, three are detected earlier in the 12 km child domain with higher
wind speed resolved in the finer resolution. Four storms that are not present in the
36 km parent domain are short-lived storms that did not reach sufficient intensity
to pass the TC tracking criteria in the 36 km parent domain. The difference of

Fig. 3.13 Hovmöller diagrams of precipitation (mm per 6-h) averaged over 10–20�N for 1
August through 30 September of 2005 from (a) the NRCM 6-year non-nested simulation at
36 km resolution, and (b) two-way nested simulation 36 km parent domain

Fig. 3.14 A snapshot of the simulated outgoing logwave radiation (W m-2) of a pre-TC
disturbance on 06Z 11 October 2005 in the NRCM two-way nested simulation, comparing
(a) 12 km child domain, and (b) 36 km parent domain
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intensities is also evident in the SLP-wind relationship (Fig. 3.11). Clearly, storms
in the 12 km child domain have higher wind speeds for a given minimum SLP
when compared to the 36 km resolution. However, the 12 km child domain still
has difficulty producing Category 3+ intensities.

There are indications of upscale impacts outside the nested domain. In the
North Indian Ocean, the number of simulated TCs increased from 3 to 6 after two-
way nesting was introduced. Also, an anomalous blocking pattern developed over
southeastern Australia, which leads to enhanced drought conditions. This may be
due in part to the internal model variability rather than arising directly from the
addition of the North Atlantic nest. This is the subject of ongoing research.

The foregoing leads to an important remark. Simulated synoptic behaviors in a
regional climate model have high sensitivity to boundary location [31] and initial
conditions [27]. For the year of 2000, an additional NRCM tropical channel
simulation was made with exactly same configurations as the current simulation
presented here, but with the southern boundary location shifted to 35�S (as
opposed to 45�S in the current simulation). In the additional simulation with the
southern boundary at 35�S, simulated TC frequency in the Southern Indian Ocean
increased by 34% compared to the simulation with the 45�S boundary location.
Also, as will be discussed in Chap. 4, the simulated TC frequency for a fixed time
period can change by altering initial conditions. These uncertainties, combined
with those associated with the TC tracking, suggest that care must be taken in
interpreting regional climate simulations of TC activity.

3.4 Summary

This chapter investigated the capability of the NRCM in simulating TCs in two
simulations. The first is a non-nested, single-domain simulation covering the
global tropics, and the second is a two-way nested simulation with a nested, finer-
resolution domain over the North Atlantic. Both simulations were forced with the
NCEP/NCAR reanalysis at northern and southern boundaries.

The NRCM is shown to be capable of producing realistic spatial and temporal
characteristics of the observed TC climatology, but it also tends to over produce
TCs overall. This finding is sensitive to the TC tracking method. However, the
over prediction of TCs is outside of a reasonable level of uncertainty associated
with TC tracking method (as defined in Chap. 2). Further, there are some
dynamical reasons to support this being a real difference. First, the NRCM tends to
be more convective than observations, as indicated by the analysis of simulated
precipitation and OLR patterns. Second, westerly flow associated with the East
Asian summer monsoon is anomalously high in the simulation, creating more
favorable TC genesis conditions in the Northwest Pacific, where much of the
global overestimation in simulated TC frequency takes place. In the North
Atlantic, however, the simulated TC frequency is underestimated due to the lack of
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moist AEWs in the model. Meanwhile, it is also shown that the simulated TC
frequency can be altered by changing the lateral boundary location.

The implementation of a two-way nested, finer-resolution domain in the North
Atlantic improved the simulated TC climatology by generating more TCs, espe-
cially in the MDR. Better-resolved mesoscale convective systems in the finer-
resolution domain helped moisten the AEWs, leading to an improved organization
of convections and to more TC genesis in the MDR. That two-way nesting led to
an improvement in the simulated TC climatology in our series of simulations
implies that the interactive nesting is yet another source of uncertainty in simu-
lating TC activity. In addition, we noted some possible upscale impacts associated
with two-way nesting, with more frequent North Indian Ocean cyclogenesis and an
increased blocking pattern in southeastern Australia. However, it is not clear
whether these changes are indeed as a result of upscale impact from two-way
nesting, or simply reflecting the model’s sensitivity to initial conditions.

The simulated TC wind-pressure relation is close to observations for weaker
storms, but the coarse model resolution results in a low wind speed bias for
stronger storms and major hurricane intensities do not occur. This is a well-known
inability for 36 km resolution models to resolve the steep pressure gradients
observed in intense TCs. The simulated wind-pressure relation is improved with
the 12 km resolution, but still has difficulty resolving major hurricane intensities.

Despite the tendency of overestimating the TC frequency, the NRCM is shown
to be capable of simulating the general spatiotemporal characteristics of the cur-
rent observed TC activity. This result gives a confidence to proceed to the climate
change experiment, which will be presented in Chap. 4.
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Chapter 4
North Atlantic Hurricane Climate Change
Experiment

4.1 Introduction

The recent increase of North Atlantic TC activity has attracted considerable
attention especially since the exceptional hurricane season of 2005. Causes for this
increase have been hotly debated in an attempt to determine whether it is within a
range of natural variability, the result of global warming, or merely a byproduct of
an inhomogeneous TC record.

A number of modeling studies have considered the impact of increased
greenhouse gases on global and/or regional TC activities, using course-resolution
global climate models (GCMs) (e.g., [1, 30]), high-resolution atmospheric general
circulation models (AGCMs) [21, 23, 35] and regional models [17, 32]. There is an
emerging consensus in the projected reduction in global TC frequency from these
studies. This global reduction is generally attributed to the stabilization of the
atmosphere due to warming of the upper troposphere from the greenhouse gas
effect (e.g., [16]). A general consensus for an increase in TC intensities has also
surfaced among these studies as well. But there is no consensus in the projected
changes in regional TC frequency. For the North Atlantic, in particular, some
studies report a projected increase [23, 28], while others projected a decrease [17].

The disagreement in projections of regional TC frequency changes may arise
from many factors, such as model resolution, forcing data, model physics and
parameterizations. In AGCM and regional model simulations, the outcome appears
to depend strongly on their forcing data, which is usually a combination of current
climate observations and future projections from GCM outputs. Sugi et al. [28] and
Zhao et al. [35] showed that future projections of regional TC frequency differ
according to which GCM is used to create future boundary forcing. An increase of
the global mean SST is projected by all of the GCM predictions submitted to the
4th assessment report of the Intergovernmental Panel on Climate Change (IPCC
AR4). However, the spatial variations of SST increase vary from model to model,
and may be contributing to inconsistent projections of future TC frequency by
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AGCM and regional model simulations [28, 35]. Also, the method of constructing
future boundary forcing varies. The majority of modeling studies have adopted a
pseudo-global warming approach, whereby future boundary forcing is constructed
as the sum of global warming signals (or trends) from GCMs and the time-
variation obtained from current observations. The pseudo-global warming
approach conserves current climate variability on all timescales (from diurnal to
interdecadal), and does not allow for the possibility that this variability may
change with global warming. Capturing these variability changes is particularly
important in modeling the future change of TC activities since there is a strong
relationship between TC genesis and processes across the wide range of spatial and
temporal scales (e.g., [19]).

In this study, the full output of a GCM simulation is used to drive the Nested
Regional Climate Model (NRCM, [12]) to project future changes of TC activity in
the North Atlantic with increasing greenhouse gases. First, limitations of this
approach are identified and discussed. Then, the simulated changes of TC activity
are presented. Here, attention is given to the sensitivity of the simulated TC activity
change to TC tracking criteria. The simulated large-scale changes from the NRCM
are also assessed with respect to changes in explicit TC count. Finally, a comparison
of the projected large-scale changes from the NRCM and its forcing GCM is pre-
sented to show the deviation of model climate in the NRCM from its forcing data.

4.2 Experimental Design and Data Description

The NRCM is configured in a similar manner to the tropical channel simulation
(Chap. 3); it has 36 km horizontal resolution and 51 vertical levels with the top of
the model atmosphere at 10 hPa. All physics options are kept the same. The major
differences from the tropical channel experiment are the forcing data and the
domain setting, which are described in detail below.

The boundary and initial conditions are derived from 6-hourly outputs from the
Community Climate System Model version 3 (CCSM, [4]). Three 11-year time
slices are chosen for the NRCM simulation: a representation of current climate and
two representations of future climate (nominally 2020–2030 and 2045–2055).
Boundary forcing for the current climate simulation is derived from the twentieth
century realization of CCSM for IPCC AR4. An 11-year time slice was chosen as
being sufficiently long to represent the mean state for that period. However, the
difference in future and current climate simulation means may reflect natural
multidecadal oscillations (such as Atlantic Multidecadal Oscillation) instead of, or
as well as, forced climate change signal. To offset this possibility, three ensembles
are made for each of the future simulations. One of the ensembles is forced by
A1B scenario, and the other two are forced by the two independent realizations of
A2 scenario from the IPCC AR4. The selection of these scenarios is based on the
similarity in the greenhouse gas concentration for the time period of study, and the
availability of the CCSM data archive at 6-hourly frequency.
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The domain extends from the central Pacific (160�W) to the western edge of the
Middle East (50�E) in order to allow the NRCM to develop African Easterly
Waves (AEWs) (Fig. 4.1). There is little AEW forcing to the NRCM at the eastern
boundary, because the version of CCSM used in this experiment does not produce
waves that are comparable to observed AEW characteristics. Consequently, it is
important to allow the NRCM to spin up AEWs internally.

Simulated TCs are detected and tracked using the objective TC tracking scheme
described in Chap. 2. Observed current TC climatology statistics are derived from
International Best Track Archive for Climate Stewardship (IBTrACS, [15]). To be
consistent with the TC tracking criteria, only storms with maximum lifetime
intensity of 17 m s-1 or greater are considered. Observed current TC climatology
comprises of storms from 1975 through 1994 for reasons described in the fol-
lowing section. The current climate large-scale atmospheric statistics are derived
from the NCEP/NCAR reanalysis [14].

4.3 Bias Issues

During the course of the simulations, it was found that the NRCM failed to
produce a realistic North Atlantic TC climatology due to a high bias in vertical
wind shear (Fig. 4.2a, also as discussed by [2, 12]). The high shear bias extends
from Caribbean Sea to the Main Development Region (MDR, tropical Atlantic
between Caribbean Sea and Africa) with a magnitude exceeding 40 m s-1 in the
seasonal mean, which is an overestimate of nearly 400% when compared to the
current observations (Fig. 4.2d). The bias is consistent throughout the simulation
periods and evident in all of the ensemble members (not shown). It has been found
that the bias originated from the CCSM forcing [2, 12] as explained below.

The CCSM exhibits a similar spatial pattern in the seasonal mean vertical wind
shear as in the NRCM simulations (Fig. 4.2c). The maximum value in the eastern
Caribbean Sea is approximately 25 m s-1 in the CCSM. This is much less than the
NRCM, but still an overestimate when compared to observations. This anomaly
high vertical shear is the result of anomalous easterlies in upper troposphere and

Fig. 4.1 Domain of the NRCM for North Atlantic climate change experiments
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Fig. 4.2 Vertical wind shear (vertical difference of winds in m s-1 between 850 and 200 hPa)
averaged for August–October 1996 from (a) NRCM simulation with the original CCSM forcing,
(b) NRCM simulation with bias corrected CCSM forcing, (c) original CCSM, and (d) observa-
tions (adopted from [12])
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anomalous westerlies in lower troposphere (Fig. 4.3). This anomalous flow pattern
does not appear when the atmospheric component of the CCSM is run with
observed SST forcing (not shown), hence ocean coupling seems to play a sig-
nificant role in producing the biased flow. When the CCSM is run fully coupled
with atmosphere and ocean components, the SST exhibits an El Nino-like bias
with anomalously high SST in the eastern tropical Pacific, and cold anomaly in the
tropical North Atlantic (Fig. 4.4), which may be responsible for the biased flow
pattern via establishment of stationary Rossby waves in the upper troposphere
[26]. This SST bias is not unique to the CCSM, but it is a common problem in
many of the global coupled climate models [24].

Given this result, a simple bias correction method is adopted to remove the
biased mean state from CCSM data and replace it with the observed mean state
[2, 12]. The specific steps of bias correction method are described below:

1. The original 6-hourly CCSM data is separated into the mean seasonal cycle and
the residual;

CCSMt ¼ CCSM75�94 þ CCSM0t

where CCSMt is the original 6-hourly CCSM output at time t, CCSM75�94 is the
mean seasonal cycle derived from 1975 to 1994 CCSM monthly data linearly
interpolated to 6-hourly, and CCSM0t is the residual. This procedure is done for
time steps in future climate (e.g., 0Z, 1 January 2045). As we are taking out the
seasonal cycle derived from 1975 to 1994 mean, the signal of climate change
remains in CCSM0t :

Fig. 4.3 Differences (original CCSM minus observations) of zonal winds (in m s-1) averaged
for August–October of current climate years (50-year average) at (a) 200 hPa, and (b) 850 hPa
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2. 6-hourly NCEP/NCAR reanalysis is separated in the same manner;

NNRPt ¼ NNRM75�94 þ NNRP0t

3. Bias corrected CCSM data are constructed as the sum of the observed seasonal
cycle and the residual from CCSM;

CCSMt;corrected ¼ NNRP75�94 þ CCSM0t

Note that this procedure simply removes the bias in the CCSM hindcast of
seasonally varying mean state relative to observations. This procedure conserves
all other variability from the CCSM including diurnal cycle, interannual
variability, and climate trends. Climate trends are conserved in that the future
mean difference fields calculated from the original and bias corrected data are
identical. Bias correction is applied to all atmospheric and oceanic fields in the
CCSM data. With this, the El Nino-like anomalous signature is removed from both
wind patterns and SST.

The original and bias corrected SSTs are presented in order to provide a
visualization of the effect of bias correction. Figure 4.5 shows the annual time
series of the original and bias corrected SST at 2.5�S and 85�W, where El Nino-
like SST bias is prominent in the original CCSM data. Comparing the two time
series, the bias corrected time series is simply shifted down to the observed level
for current climate era, and tracks upward in the future climate era with the same
rate as in the original CCSM time series.

The NRCM simulations are repeated with the bias corrected CCSM forcing
data. The current climate simulation with the bias corrected CCSM forcing shows
that the vertical wind shear bias is significantly reduced (Fig. 4.2b) and the TC
climatology is simulated realistically in the North Atlantic (Fig. 4.6a and b). Note

Fig. 4.4 Differences (original CCSM minus observations) of SST (K) averaged for August–
October of current climate years (50-year average)
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that the time period 1975–1994 represents as the base state for the current climate.
Therefore the simulated TC climatology from the current climate simulation will
be compared to observations derived from 1975 to 1994 TC statistics. Owing to
computational constraints, only one ensemble is made for each of the future
simulations using A2 scenario.

4.4 Simulated TC Climatology and Future Changes

Table 4.1 summarizes various statistics of simulated TC climatology in the
NRCM. Average annual frequency for the current climate simulation is 7.6, which
is an underestimation when compared to the observed current climate mean of 9.3.
Current climate spatial distributions of genesis location and track trajectory are
well simulated in the NRCM (Fig. 4.6a and b). Seasonality is also well captured
with an annual maximum in August through October (Fig. 4.7).

Going into the future, the mean annual TC frequency increases to 8.5 in 2020–
2030, and 10.4 in 2045–2055 (Table 4.1). This change is significant at the 90%
significance level for 2020–2030, and 99% for 2045–2055. To ensure the robustness
of simulated TC frequency increase, two additional sets of simulated TC statistics are
constructed using different TC tracking criteria. The intensity and duration criteria
are perturbed by observed TC track data resolution (5 knots and 6-hourly, respec-
tively) from the standard 17 m s-1, 48-hours criteria set (see Sect. 2.5).

Fig. 4.5 Annual time series of the original CCSM (dashed) and bias corrected (solid) SSTs at
2.5S�, 85W�
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The simulated TC frequency increases in the future for each of these criteria
(Fig. 4.8). A more detailed examination on interannual time scales is shown in
Fig. 4.9. The three time series track one another quite well and the interannual
variability does not change with tracking criteria, only the net frequency.

Fig. 4.6 Density plots of TC tracks (color contours) and genesis locations (black contours)
normalized by the maximum population for (a) current climate observations, (b) NRCM current
climate simulation, (c) 2020–2030 simulation, and (d) 2045–2055 simulation. Densities are
calculated for every 5� boxes (adopted from [12])

Table 4.1 Summary of simulated TC statistics from NRCM

NRCM current climate 2020–2030 2045–2055

Annual frequency Mean 7.6 8.5 10.4
STD 4.1 1.2 4.1
Sig. level 90% 99%

TC duration (days) Mean 3.69 4.12 4.14
STD 5.69 6.43 5.59
Sig. level NA NA

Lifetime max. intensity (m/s) Mean 29.66 30.37 31.00
STD 5.04 5.10 5.30
Sig. level NA 99%

Radious of max. wind (km) Mean 122.24 117.25 110.24
STD 104.64 109.25 104.15
Sig. level 99% 99%

Here STD denotes standard deviation, and Sig.level is statistical significance level of changes
from current climate simulation using Student’s T-test
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This analysis suggests that the simulated climate change signal is independent of
variations in the tracking criteria. Thus subsequent analysis will focus on TC
behavior changes derived from the standard 17 m s-1, 48-hours TC tracking criteria.

Much of the simulated TC frequency increase arises from increases of TC
genesis in the MDR, where 11-year average annual TC genesis frequency
increases from 2.36 to 5.82, and 6.45 by 2020–2030 and 2045–2055 simulation
periods, respectively (Fig. 4.10). TC genesis frequency is also increased in
Caribbean region, but to a much lesser degree. By 2045–2055 simulation period,
TC genesis frequency increases by 173 and 66% in the MDR and the Caribbean,
respectively. As proportionally more TC genesis occurs in the MDR in future
simulation periods, the mean track duration and lifetime maximum intensities also
increase (Table 4.1). The duration increase is not statistically significant, but the

Fig. 4.7 Monthly average TC frequency for current climate observation, NRCM current climate
simulation, 2020–2030 and 2045–2055 simulations

Fig. 4.8 Simulated 11-year averaged annual TC frequency from the NRCM using the standard
(wind speed = 17 m s-1, duration = 48 h) TC tracking criteria (gray bars), and their
perturbations by altering the wind speed threshold by 2.5 m s-1 and the duration by 6 h in the
TC tracking criteria (error bars) (adopted from Done et al. [5])
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increase of lifetime maximum intensity from 29.7 m s-1 in current climate to
31.0 m s-1 in 2045–2055 is significant at 99%. The boxplots of the simulated TC
lifetime intensity indicate that the most intense storms are projected to become
more intense in the future climate (Fig. 4.11). The median values are also

Fig. 4.9 Time series of annual TC frequency from three NRCM simulation period using three
different TC criteria combinations: standard (wind speed = 17 m s-1, duration = 48 h) (solid
black line), and their puturbasions (dashed black and gray lines) by altering the wind speed
threshold by 2.5 m s-1 and the duration by 6 h in the TC tracking criteria (adopted from Done
et al. [5])
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projected to increase, indicating a shift of the intensity probability distributions to
higher intensities. However, the simulated intensity is capped at approximately
40 m s-1 owing to the limited resolution. Changes to intense storms will be
assessed in Chap. 5 by utilizing extreme value theory.

The mean storm size (measured as the radius of maximum wind) decreases for
both future runs and is statistically significant at 99% (Table 4.1). There is no
significant change in seasonality (Fig. 4.7). The mean location of storms reaching
their lifetime maximum intensity occurs in the Gulf of Mexico in the current

Fig. 4.10 Simulated 11-year mean TC genesis frequency for (b) Caribbean and (c) MDR. Thick
black boxes in (a) indicate boundaries for each regions

Fig. 4.11 Boxplots of TC
lifetime maximum intensity
for the three NRCM
simulation periods. Edges of
box are 25th and 75th
percentiles, and horizontal
line inside the box indicates
median. Whiskers indicate
the maximum and minimum
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climate simulation, consistent with observations (Fig. 4.12). The mean location
moves to the east of Florida in 2020–2030 simulation, and returns to the Gulf in
the 2045–2055 simulation, implying a multi-decadal oscillation. A similar multi-
decadal signature is also seen in the variance of TC frequency (Table 4.1). The
source of these decadal variations is not known.

Another source of uncertainty is the model’s internal variability (or sensitivity
to initial conditions). Using the same model configurations and bias corrected
CCSM data, an estimate of NRCM’s model internal variability was made by a 10-
member ensemble generated by varying the model start date between 1st January
2047 and 1st April 2047, and running each member through 1st December 2047
(data provided by James Done, personal communication). The standard (17 m s-1,
48-hours) TC tracking criteria are used to extract number of simulated TCs for
hurricane season from each of the ensemble members. The resulting simulated TC
frequency ranges from 13 to 20 storms per year, similar to that from varying the
tracking criteria (Fig. 4.9c). This shows a stochastic nature of TC formation, and
that a single realization of a hurricane season by the model is not deterministic.
What this implies to the future projection of TC activity is not known, and is being
investigated further in a separate study.

4.5 Large-Scale Environment Assessment

The simulated changes in large-scale environment by the NRCM are assessed in a
search of reasons behind the simulated TC activity changes. A focus will be given
to changes in the MDR because TC genesis increase in this region is responsible
for much of the overall increase of North Atlantic TC frequency in the NRCM.

Fig. 4.12 Density plots of locations of TCs reaching their lifetime maximum intensity for
(a) current observations, (b) NRCM current climate, (c) 2020–2030, and (d) 2045–2055
simulations. Densities are calculated for every 5� boxes, and are normalized by the maximum
population (adopted from [12])
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After Gray [8], five environmental factors that are known to modulate TC
climatology are assessed: SST; vertical wind shear measured as the total wind
difference (using both zonal and meridional winds) between 200 and 850 hPa;
700 hPa relative humidity; moist inertial stability (measured as the difference of
equivalent potential temperature from the surface to 600 hPa, positive change
indicates destabilization); and 850 hPa zonal wind fields as representative of the
large-scale circulation. Only mean changes of 2045–2055 from current climate
simulation are presented in the subsequent assessment, as general characteristics of
changes for 2020–2030 are similar except that the magnitude of the changes are
smaller.

SST forcing is fixed to those from CCSM as a one-way coupled boundary
forcing. Therefore, we examine future SST changes predicted by CCSM. The
August–October averaged SST is increased everywhere in the North Atlantic
(Fig. 4.13a) by a minimum of 0.5 K. The SST increase is particularly elevated in
the MDR. The collocation of elevated SST and TC genesis frequency increase is in
agreement with the observed relationship of increasing trends between local SST
and TC genesis [6, 11, 13, 25, 33]. Meanwhile, the North Atlantic SST changes
relative to the global tropical mean has been suggested as important for the general
activity of North Atlantic TCs. A relative warming of the MDR SST may modulate
TC genesis by two distinctive forms of teleconnection patterns; in longitudinal
direction via El Nino Southern Oscillation (ENSO) like pattern [9, 29, 31, 34], and
in meridional direction via Atlantic Meridional Mode (AMM) like pattern [10, 18].

Fig. 4.13 Future SST as
projected by the CCSM for
2045–2055 period compared
to the current climate mean;
(a) mean absolute change
(K), and (b) relative to global
tropical (20�S–20�N) mean
change (K). Black box
indicates the area where TC
genesis increased in the
NRCM simulation
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The ENSO-like teleconnection pattern stems from an increase of the tropical
Atlantic SST relative to the tropical Pacific Ocean, which induces a shift in Walker
circulation creating more favorable large-scale environment in the MDR for TC
genesis by reducing wind shear, enhancing upward motion, and destabilizing
troposphere [9, 27]. The AMM-like teleconnection is induced by inhomogeneous
SST changes in meridional direction, which creates TC-favoring environment in
the MDR by a northward shift of the Atlantic Inter-Tropical Convergence Zone
(ITCZ) during the positive phase of AMM [10, 18, 22]. In our simulations, the SST
gradient change is more prominent in meridional direction compared to longitu-
dinal direction (Fig. 4.13b). Therefore the AMM-like teleconnection pattern may
have contributed to the simulated increase of TC genesis in the MDR more than
the ENSO-like pattern.

The previous conclusion is further assessed by examining the simulated mean
changes in the large-scale atmospheric conditions from the NRCM (Fig. 4.14).
Precipitation change indicates a northward shift of ITCZ with the longitudinally
elongated area of decreased precipitation along 5�N latitude line and increased
precipitation in 10–20�N latitudes in the tropical Atlantic. Anomalous southerly to
southwesterly winds in this area are also a characteristic anomaly seen during the
positive phase of AMM, favoring a northward shift of ITCZ. Simulated changes in
other environmental variables are also towards more favorable for TC genesis in
MDR: Vertical shear reduced by approximately 5 m s-1, relative humidity increased
by *5%, and moist inertial stability decreased. These changes, combined with the
meridionally inhomogeneous SST changes noted earlier, hint at an association with
the simulated environmental changes to the AMM-like teleconnection pattern.

A free-running regional climate model develops its own internal climatology
[7, 20]. Therefore, a comparison of simulated changes of large-scale environment from
the NRCM and the CCSM is also presented. This comparison will allow us to examine
the consistency between two forms of downscale techniques to infer TC activity from a
coarse resolution GCM results; a statistical downscale whereby TC activity and large-
scale environmental factors are statistically related (e.g., [3, 36]), and a dynamical
downscale using a numerical model such as the one presented in this study.

Figure 4.15, together with Fig. 4.14, compares the simulated large-scale envi-
ronmental changes from the NRCM and the CCSM, respectively. In the CCSM,
large-scale changes also favor TC genesis in the MDR. Therefore, the statistical
downscaling would also indicate an increases in the MDR TC genesis, and would
be consistent with the results from dynamical downscaling. However, the mag-
nitudes and the spatial patterns of the changes are vastly different from the NRCM.
In both of the models, a northward shift of the ITCZ is indicated by the spatial
pattern of precipitation changes, yet the magnitude the precipitation changes is
substantially less in the CCSM. In the NRCM, the area of TC-favoring changes
extends to the Caribbean region in the NRCM. In contrast, the area of TC-favoring
changes is largely confined within the deep tropical Atlantic in the CCSM. The
difference in such spatial patterns between the two models suggests that the driving
factors behind the simulated large-scale environment may be different in the two
models.
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4.6 Summary and Discussion

Potential future changes of North Atlantic TC activity with increasing greenhouse
gases are simulated by the NRCM, a one-way interactive system model of the
ARW and the CCSM. Three 11-year simulations are completed; one for current
climate and two future periods (2020–2030 and 2045–2055) using the IPCC AR4
A2 scenario. In contrast with the pseudo-global warming experimental design
adopted by many past studies, the CCSM output is used directly as the forcing for
the ARW conserving all variabilities and trends from the CCSM.

An El Nino-like SST bias in the CCSM induced anomalously high vertical wind
shear over the tropical North Atlantic with marked impact on cyclone development

Fig. 4.14 Simulated future mean changes for 2045–2055 simulation period compared to current
climate simulation by the NRCM: (a) vertical wind shear (m s-1), (b) relative humidity at
700 hPa (percent), (c) moist inertial stability (K), (d) zonal wind speed (color contours, m s-1)
and wind vector, and (d) precipitation (mm per month). Black box indicates the area where TC
genesis increased in the NRCM simulation
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in the NRCM. A bias correction method was applied to remove the seasonally
varying base state from the CCSM data for both current and future climates, and
the base state was replaced with that of observations. With this approach, all
variabilities are conserved from the CCSM.

The simulation results indicate that North Atlantic TC frequency, intensity, and
duration will increase under IPCC AR4 A2 scenario. The frequency increase is
robust to the use of different TC tracking criteria and is dominated by a large
increase in TC genesis in the MDR. This also leads to a longer mean TC duration
and intensity increase as TCs spend more time over the warm ocean. These
simulated changes in TC activity are robust in both future runs (2020–2030 and
2045–2055). There is a sign of multi-decadal oscillation in the location of TCs
reaching their lifetime maximum intensities, and standard deviation of annual TC
frequency over the three 11-year simulation periods. Such signs of decadal vari-
ations make it difficult to be explicit on the future changes. It is not yet known how

Fig. 4.15 Similar to Fig. 4.14, but for the CCSM
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the decadal variations arise. We also presented the stochastic response of TC
formations to the model’s internal variability, though its pertinence to the future
projections has yet to be explored.

Consistent with the simulated TC frequency change, environmental conditions
known to modulate TC activity to the NRCM predicts a movement towards more
favorable conditions in the NRCM. These include: reduced vertical wind,
increased low-tropospheric moisture and increased moist instability over the
MDR. It is suggested these large-scale changes are a response to the simulated
spatially inhomogeneous SST increase. The simulated future change of SST also
resembles that of the positive phase of AMM, which shifts Atlantic ITCZ north-
ward and makes the large-scale environment more favorable for TC genesis in the
MDR. Increasing favorability in the large-scale environment of the MDR is also
seen in the CCSM. But the magnitude and spatial patterns are different from the
NRCM. This provides an insight to the merit of using dynamical downscaling over
large domains not only in the explicit prediction of TC activity changes but also in
changes to the large scales.
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Chapter 5
Statistical Modeling of Tropical Cyclone
Intensity

5.1 Background

In the North Atlantic climate change experiment (Chap. 4), the Nested Regional
Climate Model (NRCM) projected an increase of mean TC intensity under increasing
greenhouse gas concentrations (Table 5.1 and Fig. 5.1). However, explicit projec-
tion of changes in intense storms (Category 3+, maximum lifetime wind speed
greater than 50 m s-1) was not possible due to the limited horizontal resolution.

The inability of simulating intense storms is a universal limitation in what are
commonly referred to as ‘‘high-resolution’’ (horizontal grid resolution less than
50 km) models. Bender et al. [1] rendered this limitation by further downscaling
each of the simulated TCs in their regional model with a very high-resolution
hurricane model and extrapolated the TC intensity projection to Category 5.
However, this approach is computationally expensive. Alternatively, one may
extrapolate the TC intensity projection from a limited resolution model statisti-
cally, which is the approach presented here.

The inability of simulating intense storms by the NRCM cannot be treatable with
commonly used bias correction methods (such as rank order swapping or quantile-
to-quantile mapping) for reasons described below. As shown in Fig. 5.1, the shape of
the probability distribution of the simulated TC intensity from the NRCM is normal-
like (i.e., symmetric about the mean), whereas the observed distribution is skewed.
The difference in the distribution shapes stem from the truncation of TC intensity in
the NRCM. This truncation occurs at both extremities: the TC tracking method does
not locate low-intensity systems below tropical cyclone strength (Chap. 2), and the
higher intensities are prevented by the course-resolution not being able to develop
the strong associated gradients. The model also has a tendency to overestimate the
intensities of weak storms (maximum wind speed \ 33 m s-1, Chap. 3). Intense
storms are truncated rather than missing because the simulated annual frequency of
TCs in the NRCM is comparable to observations. That is, those storms that are in
environments supportive of Category 3+ storms were restricted to weaker intensities
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because at 36 km grid spacing the NRCM was incapable of resolving the necessary
sharp gradients for more intense storms. Thus in order to assess the future changes in
intense storms, we need to estimate the proportion of simulated storms that would
have become Category 3+ intensity given sufficient resolution. However, such an
estimate is not readily attainable. A simple bias correction method that involves rank
order swapping would conserve the original distribution shape and does not extract
the truncated intensities.

An alternative approach is to reflect the simulated changes in mean and vari-
ance of TC intensity to the observed current climate TC intensity (e.g., [6] and this
is the approach adopted here. This approach requires a statistical model of the
observed current climate TC intensity. To this end, we use extreme value theory
and model the TC intensity probability distribution function (PDF) using the
generalized Pareto distribution (GPD). A brief description of extreme value theory
will be given followed by the definition of GPD and an explanation of why GPD is
chosen as a statistical model of TC intensity in this study. Then, the simulated
overall TC intensity changes from the NRCM are applied to the GPD-modeled TC
intensity to project the future changes in intense storms. A discussion of under-
lying assumptions in our approach is also given.

Table 5.1 Mean and variance of maximum lifetime TC wind speed (m s-1) from current climate
observation (using 1985–2008 data), and from NRCM simulations

Original % change from 1995–2005

Mean Variance Mean Variance

Current climate observations 37.00 158.32 NA NA
NRCM current climate 29.62 25.43 NA NA
NRCM 2020–2030 30.37 26.01 2.54 2.31
NRCM 2045–2055 31.00 28.12 4.67 10.59

Also shown is the simulated future % change of mean and variance of TC wind speed calculated
as difference between future NRCM runs (2020–2030 and 2045–2055) and current climate run

Fig. 5.1 Boxplots of TC
maximum lifetime wind
speed (m s-1) from the
NRCM simulations and the
current climate observations
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5.2 Data Description

For simplicity, TC lifetime maximum wind speed is used as the measure of TC
intensity. Six-hourly wind measurements could be used instead but here the
interest is in changes to lifetime maxima. Simulated TC intensities come from the
NRCM North Atlantic climate change experiment (Chap. 4). For convenience,
these are referred to as ‘‘simulated’’ intensity, while those obtained by statistical
modeling are referred to as ‘‘statistically modeled’’ intensity. The observed current
climate TC intensity is derived from the International Best Track Archive for
Climate Stewardship (IBTrACs, [8] over the period 1975–2005. All North Atlantic
tracks archived in the IBTrACs are used, which includes subtropical storms,
tropical storms and hurricanes. This yields 375 tracks, and their maximum lifetime
intensities range from 13.6 to 74.6 m s-1.

5.3 Extreme Value Theory and Its Application to Modeling
TC Intensities

Statistical modeling provides a means of obtaining a continuous distribution of a
particular object of study whose dynamically derived theoretical distribution is not
known. In many cases, a statistical model is chosen based on the nature of a
particular object of study using its discrete data, such as the mean and shape of the
PDF. Once a model is fitted to the discrete data, the ‘‘goodness-of-fit’’ is tested to
confirm that the selected model is indeed an appropriate choice.

In addition to the goodness-of-fit assessment, there are theories that can be used
to help decide which distribution family may be an appropriate statistical model
for a particular object of study. For example, the central limit theory states that if
mean values from sets of random variables having a common distribution function
are collected, then the behavior of these collected data can be modeled by a normal
distribution. Similarly, extreme value theory states that a collection of extreme
values from sets of random variables having a common distribution function
follow one of a small number of extreme-value type distributions. Such
distributions include the generalized extreme value (GEV) distribution, and the
generalized Pareto distribution (GPD). Maximum lifetime intensity of TC can be
viewed as the extreme end of wind speed measurements of all tropical convective
disturbances, which includes a large number of systems weaker than tropical
cyclone strength (Fig. 5.2). In this framework, it is relevant to adopt extreme value
theory in modeling of TC intensity. Past studies have adopted extreme value
theory to model TC intensities but in a different framework [3, 7, 9], in that only
annual maximum intensities are modeled. In their framework, the parent sample is
the annual record of TC intensities. The originality of the current study is to treat
intensities of all tropical convective disturbances as the parent sample. Either
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frameworks are valid in adopting extreme value theory as the basis to model TC
intensities, as explained further below.

Here we present a brief description of extreme value theory attained to GEV
and GPD adopted from Coles [2];

Let xn ¼ fX1;X2; . . . ;Xng, be a sample of independent identically distributed
(iid) variables with size n from a common distribution function F, and let
Mn ¼ maxðxnÞ. Then,

PrfMn� zg ! GðzÞ as n!1:

where

GðzÞ ¼ exp � 1þ n
z� l

r

� �h i�1=n
� �

ð5:1Þ

for some l, r[ 0 and n. Here G(z) is the cumulative distribution function of GEV
family of distributions. GEV has three parameters: scale parameter r, shape
parameter n, and location parameter l. Further, for large enough u, the distribution
function of threshold excess (X - u), is approximated as

HðyÞ ¼ 1� 1þ ny

r0

� ��1=n

ð5:2Þ

conditional on X [ u and defined on fy : y [ 0 and ð1þ ny=r0Þ[ 0g, where

r0 ¼ rþ nðu� lÞ ð5:3Þ

Here H(y) is the cumulative distribution function of the GPD.
Note that GEV is a model for describing maximum values, whereas GPD is a

model for describing threshold excess and individual extreme events. GEV is
useful in cases where only maximum values are available (e.g., annual maximum).
GPD is appropriate in instances where available data exceed a certain threshold.
The measurements of TC intensity fit the latter category, as they are recorded only
when they exceed tropical storm strength.

Fig. 5.2 Hypothetical
probability functions of
lifetime maximum wind
speed of tropical disturbances
(gray line) and tropical
cyclones (black)
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A notable advantage of GPD is that the mean and variance of GPD are direct
functions of GPD parameters;

mean ¼ uþ r0

1� n
ð5:4Þ

var ¼ r0
2

ð1� nÞ2ð1� 2nÞ
ð5:5Þ

and this enables explicit calculation of the future GPD parameters based on the
simulated mean and variance changes from the NRCM and the GPD parameters of
current climate observations.

5.4 Modeling Procedure and Results

The specific procedure for assessing the future TC intensity using GPD is as
follows. First a GPD is fitted to the current climate observed TC data for the North
Atlantic 1975–2005 period. GPD parameters are estimated using the Maximum
Likelihood Estimate (MLE). The GPD mean and variance for current climate
observations are calculated using Eqs. (5.4) and (5.5) from the MLE of GPD
parameters. Then the percentage changes of the simulated TC intensity mean and
variance changes from the NRCM (Table 5.1) are multiplied by the GPD mean
and variance to yield the projected future GPD mean and variance. From the
resulting GPD mean and variance, the future GPD parameters are calculated from
Eqs. (5.4) and (5.5). Then future TC intensity distribution is reconstructed with
these future GPD parameters.

Fitting of the GPD requires the selection of threshold u that it is sufficiently
high to ensure the extreme value assumption is not violated, but it also minimizes
the sensitivity to the estimates of shape and scale parameters [2]. If the GPD is a
good fit to the data, then there exists a threshold uo such that for any u \ uo the
MLE of shape and scale parameters remains constant. An optimal value for uo can
therefore be determined by plotting u against the MLE of either shape or scale
parameter. Here we examine the sensitivity of the shape parameter MLE, n, by
varying u (Fig. 5.3). The MLE of n is relatively constant for u \ 25 m s-1,
implying that the sensitivity of u to the MLE of n grows rapidly after this point. To
pinpoint the optimum value of u further, quantile–quantile (Q–Q) plots of the
observed and modeled TC intensities are made for 17 B u B 25 (Fig. 5.4). Here,
the linearity in a Q–Q plot suggests that the discrete raw data is well modeled with
GPD. In all cases the linearity in Q–Q plot is quite strong, which gives confidence
in the choice of GPD as the statistical model of TC intensity. In most cases,
however, GPD appears to slightly underestimate the higher intensity. Differences
in the linearity are minimal and there is no value of u that gives a particularly
strong linearity. However, by a slight difference, u = 18 and 22 give better esti-
mate in the higher intensity. We choose u = 22 as the threshold in order to fit best
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with the extreme value assumption. Choosing u = 22 yields a MLE of shape and
scale parameters as (n, r) = (-0.30, 19.61). Here the upper bound of the esti-
mated shape parameter is dominantly n\ 0 (Fig. 5.3), so the mean and variance of
GPD can be calculated using Eqs. (5.4) and (5.5) to give 37.14 and 144.26,
respectively. These compare well with the mean and variance from the discrete
observed data (37.0 and 158.32) when measurements less than 22 m s-1 are
excluded (note that the GPD is fitted only for TC intensities greater than the
threshold value). This provides us with additional confidence in the selection of the
GPD as a statistical model of the observed TC intensity.

The simulated percentage changes between the future (2020–2030 and 2045–
2055) and current (1995–2005) NRCM simulations (Table 5.1) are applied to the
GPD mean and variance obtained above. From these altered mean and variances,
future GPD parameters are calculated using Eqs. (5.4) and (5.5) with u kept at 22,
with the resulting values summarized in Table 5.2.

Figure 5.5 shows the probability density functions (PDFs) of the fitted GPD for
current climate TC intensity, and the GPD reconstruction of future TC intensity for
2020–2030 and 2045–2055 periods. Future PDFs reflect the increase of mean TC
intensities from the NRCM with a reduced probability of weaker TCs and an
increased probability of intense TCs. These changes appear small from the PDF
alone, but applying the exceedance probability reveals marked changes (Fig. 5.6).
The probability of Category 1+ hurricanes is projected to increase by roughly 9%
for both of the future periods. For Category 5 hurricanes, exceedance probability
increases by 57 and 29% for 2020–2030 and 2045–2055, respectively.

Another way of representing the exceedance probability is to convert it to a
return period. Return period T is defined as the number of years in between each of
Category 5 storm occurrence;

T ¼ 1
ðTC frequencyÞ � ðCat5 exceedanceÞ ð5:6Þ

Fig. 5.3 Maximum-
likelihood estimate of GPD
shape parameter as a function
of threshold value (solid)
with 95% confidence level
(dashed)
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where TC frequency is the average annual frequency of TCs with intensity
exceeding 22 m s-1. Note that exclusion of storms with intensity less than
22 m s-1 is required due to the GPD threshold selection. The observed average
annual frequency of storms with intensities greater than 22 m s-1 is 9.9 per year.
Assuming stationarity in the TC frequency at 9.9 per year, a change of exceedance
probability from 0.0156 (current climate) to 0.0201 (2045–2055) would result in
the reduction of return period of Category 5 storms from 6.5 to 4.7 years. This is
longer than for current observations, the implications for which are discussed
below. The NRCM predicts an increase in the TC frequency by 11.8% for
2020–2030, and 36.8% for 2045–2055 periods (Chap. 4). With these TC frequency

Fig. 5.4 Q–Q plots of observed (x-axis) and modeled current climate intensity by GPD (y-axis)
with threshold values ranging from 17 to 25 m s-1
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changes in consideration, the change in Category 5 return period can be estimated
as going from 6.7 years for current climate to roughly 3.7 years in both of the
future periods, which is an approximately 43% reduction.

The reduction in the return period is sensitive to the threshold selection for
GPD. As indicated by the linearity of Q–Q plots (Fig. 5.4), GPD is a reasonable fit
to the observed TC intensity as long as u \ 25. From this reason, it is helpful to
see the range of uncertainty associated with the threshold selection for u \ 25. To
this end, the above exercise is repeated for 17 B u B 25 to see its impact on the
resulting reduction rate of the Category 5 storm return period. The results are
shown in Fig. 5.7. The reduction rate is in the range of 35–50% for all cases with
the 2020–2030 period having a higher sensitivity to the threshold selection com-
pared to the 2045–2055 period. This is because the future change of TC intensity
variance from the NRCM is smaller for 2020–2030 period (Table 5.1). For 2045–
2055, the simulated variance change is large and dominates sensitivity to the
threshold selection. Here we take the mean return period change (-45%) for
2045–2055 for further implications outlined below.

Note that the Category 5 return period from GPD is overestimated for the
current climate: The observed Category 5 return period is 3 years for 1975–2005,
but the GPD-modeled return period is 6.7 years. If the 45% reduction of Category

Fig. 5.5 PDF of GPD fitted
to current climate observed
TC intensity (black), and of
modeled future intensity
distributions (blue for
2020–2030, and red for
2045–2055) after mean/
variance alteration procedure

Table 5.2 General pareto distribution (GPD) parameters for current climate observed North
Atlantic TC maximum lifetime intensity, and for modeled future TC intensity distribution derived
by mean/variance alteration of GPD-modeled current climate TC intensity according to the
simulated changes from NRCM (see text)

n r

Current climate observations -0.30 19.61
Modeled 2020–2030 -0.37 22.00
Modeled 2045–2055 -0.39 23.35
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5 return period is applied to the observed value of 3 years, as indicated by the GPD
for 2045–2055, then it results in a return period of 1.65 year.

The underestimation of Category 5 return period with GPD implies that the
approach used here may not be able to capture the recently observed increase in
frequency of Category 5 storms (especially the four Category 5 storms that
occurred in 2005). We also note that MLE of the shape parameter n is dominantly
negative. From Eq. (5.2), GPD is upper-bounded when n\ 0. This is also evident
from the PDF of fitted GPD, which goes to zero at approximately 80 m s-1

(Fig. 5.5). This is a statistical indication that there is a theoretical limit to which a
TC can intensify. But how this compares to that of a thermodynamically derived
limit (e.g., [4, 5]) is not known.

We also assume that the NRCM is able to capture the mean and variance
changes of TC intensity. This assumption may be questionable as the simulated TC
intensity is upper-bounded due to the NRCM’s horizontal resolution, which nec-
essarily limits the variance in particular. Since the real variance and its changes are
likely to be higher, the GDP application will likely underestimate the change. In
any case, the approach presented here can be a ‘‘case in point’’ to extrapolate the
simulated TC intensity prediction to the higher intensities while the horizontal
resolution limit is still in place.

Fig. 5.7 Sensitivity of
threshold value to % change
in Category 5 storm return
period compared to the
current climate observation
with the simulated change of
TC frequency in
consideration

Fig. 5.6 Exceedance
probability of each hurricane
categories for current climate
observation, 2020–2030 and
2045–2055 time periods
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5.5 Summary

This chapter presented an approach to assessing future changes in intense TCs by
combining the simulated results from the NRCM with a statistical model. The
combination was motivated by the inability of the NRCM to produce intense
storms explicitly due to the limited horizontal resolution. The observed TC
intensity PDF is approximated by a GPD then the simulated changes of mean and
variance of TC intensity from the NRCM are applied to this to reconstruct the
future TC intensity PDF. Calculation of excedance values from the GDP then
provides a basis for assessing the changes in hurricanes of various categories. The
selection of GPD as the statistical model of TC intensity is based on extreme value
theory and the nature of the intensity PDF, with its decay to small probabilities for
intense systems.

GPD is shown to be a good fit to the observed TC intensity as long as the fitting
threshold\ 25 m s-1. From visual examination of Q–Q plots, a threshold value of
22 m s-1 is chosen. With this threshold value, GPD provides a reasonable rep-
resentation of the observed intensity PDF, as evaluated by the visual examination
of Q–Q plots and comparison of GPD and observed means and variances. How-
ever, there is a tendency to underestimate the frequency of very intense storms.
This tendency is reflected in the overestimation of Category 5 storm return period;
the GDP return period is 6.7 years, but the empirical value is about 3 years.

GPD assessments of future TC intensity distributions show a reduction in weak
storms and increases when compared to current climate. Assuming stationarity in
the overall TC frequency, analysis of exceedance probability indicates that the
return period of Category 5 storms will be reduced by approximately 27% in the
future climate. However, when the predicted changes of TC frequency determined
from the NRCM are applied, the Category 5 return period is reduced by approx-
imately 43%. Applying a range of thresholds, the results in reduction rate ranges
from 35 to 50%. Applying these reduced return period changes to empirical
estimates of current climate return periods results in one Category 5 storm every
1.5–2 years in the future climate.

It is noteworthy that the MLE of shape parameter for the current climate
observed TC intensity is dominantly negative, implying that there is a theoretical
limit to which TCs can intensify. That there is a limit for TC intensity is in
agreement with previous thermodynamic predictions (e.g., [4, 5]). On the negative
side, this approach assumes that the NRCM is able to capture the changes in TC
intensity and variance associated with climate variability and change. This
assumption is questionable due to the artificial capping of the simulated TC
intensity caused by the NRCM resolution. However, this is most likely to provide a
conservative estimate of future changes, as the changes to the mean and variance
are also likely to be reduced by the resolution cut-off. Thus, the approach presented
in this study can provide a conservative estimate for future changes to the more
intense hurricanes for which explicit predictions are limited due to the horizontal
resolution in numerical models.
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Chapter 6
Concluding Remarks

The impact of increasing greenhouse gases on TC activity is one of the most
pressing issues for both the scientific and industrial/governmental communities.
The current debate can largely be divided into two parts. First, has there been a
shift in TC activity associated with increasing greenhouse gases? And second, how
will TC activity change in the future? While the answer to the first question
remains somewhat inconclusive [3], the answer to the second question is in strong
demand among the industrial and governmental communities. Dynamical mod-
eling can be used to project the future TC activity with increasing greenhouse
gases, and this is the topic of investigation in this study.

Current global climate models (GCMs) are not capable of simulating TCs
explicitly owing to their coarse horizontal resolutions. High-resolution atmo-
spheric global circulation models (AGCMs) and regional climate models (RCMs)
have great advantages as they can resolve the core characteristics of TCs better
than GCMs. However, their usage is still in its infancy and requires careful
evaluation of their capacity in simulating TC activity. This study analyzed a series
of the Nested Regional Climate Model (NRCM, [2]) simulations. A number of
sources of uncertainty and limitations were identified, and approaches to reduce
some of the uncertainty and limitations were also proposed.

This study paid particular attention to the sensitivity of the simulated TC
activity to the choice of TC tracking parameters and their thresholds. It was
demonstrated that TC tracking methodology is a large source of uncertainty in
simulating the TC activity. In fact, the uncertainty is sufficiently large enough that
one may tune the TC detection and tracking scheme to attain a desired ‘‘simu-
lated’’ TC frequency. We have also demonstrated that the commonly used warm-
core definition may not be sufficient to distinguish clearly between the tropical
systems and other low-pressure systems. The distinction can be improved by
incorporating the Cyclone Phase technique [1]. Furthermore, it was shown that the
wind speed and duration parameters have a dominant role in determining the
number of detected storm tracks. Based on this result, we proposed a procedure to
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objectively select the TC tracking parameters. First, TC tracking parameters are
selected so that the resulting number of detected storm tracks best matches the TC
counts from visual inspection of animated loops from the model output. Second,
the range of uncertainty in the detected number of storm tracks is assessed by
perturbing the wind speed and duration thresholds by five knots and 6-h. The
perturbation range is based on the intensity and duration record resolution of the
best track data.

In order to reduce the subjectivity in the TC tracking method further, we
compared the simulated large-scale environment with the TC tracking results. This
comparison led to a more objective assessment of the NRCM tropical channel
experiment, which is the first set of the NRCM simulations presented in this study.
In the tropical channel simulation, the NRCM was nested within a reanalysis data
to evaluate its capacity to simulate the observed TC activity. The TC tracking
results indicated an overestimation of TC frequency well outside of the range of
uncertainty associated with the TC tracking method. We identified two reasons for
the overestimation of TCs using the simulated large-scale environment. First, the
model produced excessive convection and convectively coupled waves. And
second, the biased monsoon flow in western North Pacific, plus the excessive
convection, led to enhanced regional TC formations. On the other hand, the
simulated TC frequency in the North Atlantic was underestimated in the model,
which was found to be due to the lack of moist African Easterly Waves in the
model.

Furthermore, some uncertainties and limitations were identified in the tropical
channel experiment. First, it was shown that simulated TC frequency in the
Southern Indian Ocean is highly sensitive to the location of southern boundary.
Second, a two-way nesting simulation revealed both downscale (from the parent
domain to the child domain) and upscale impacts. For downscaling, TC structure
and intensity were better represented owing to the increased horizontal resolution.
Potential upscaling impacts included an induced a blocking pattern over Australia
in the parent domain resulting from high-resolution simulation over the North
Atlantic. And this contributed to an increase of TC genesis in Northern Indian
Ocean. However, it is not clear whether these upscale impacts are due entirely to
the two-way nesting, or were the result of different initial conditions.

In the second set of simulations, the NRCM was nested within the Community
Climate System Model (CCSM) to project future North Atlantic TC activity out to
2055. An El Nino-like SST bias in the CCSM induced anomalously high vertical
wind shear in the tropical North Atlantic, inhibiting TCs from forming in this
region. Such bias is not unique to the CCSM, but is a common issue in many of the
GCMs submitted to the IPCC-AR4. Past studies avoided the bias issue by taking
only the future trends from GCMs and added them to current observations to
construct the future boundary forcing. Here we adopted a different approach: a bias
adjustment was made to CCSM fields for current climate to make them consistent
with the observed seasonal mean state, and this correction was assumed to not
change in future climate. These adjustments were made to the NRCM at the ocean
surface and horizontal boundaries. For current climate simulation, this bias
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correction enabled the NRCM to develop a TC climatology consistent with the
current climate. For future climate the bias may vary and our assumption of
constancy introduces unknown uncertainties in the projections.

The NRCM projected an increase of TC frequency and the mean intensities
under increased greenhouse gases. This result is independent of the range of
uncertainty associated with TC tracking. There is an increase of TC genesis in the
MDR, where TC formation environment was projected to become more favorable
with a northward shift of ITCZ, associated with an increase of meridional SST
gradient in the region. It was also shown that the simulated TC frequency is
sensitive to initial conditions. Other concurrent work has also shown that this
sensitivity can even extend to changing the computer architecture (J. Done and C.
Bruyere, 2010, personal communication).

The NRCM was not able to project the future changes in intense (Category 3+)
storms explicitly owing to its horizontal resolution. We utilized Extreme Value
Theory to extrapolate the intensity projection to the intense storm range. The
General Pareto Distribution (GPD) was selected as a statistical model of TC
intensity to enable a focus on the extreme intensities being assessed. GPD was
used to statistically model the current observed TC intensity distribution, and the
projected changes in the mean and standard deviation of TC intensity from the
NRCM were applied to the GPD-modeled TC intensity. The result was a 27%
increase in the probability of Cat 5 hurricane occurrence, assuming stationarity in
the overall TC frequency. However, when the projected change in TC frequency
by the NRCM was taken into the consideration, the probability of Cat 5 hurricane
occurrence was projected to increase by 43%. The result implies, for example, that
there may by at least one Cat 5 hurricane every 1.5–2 years in the future climate,
as opposed to the current observed rate of one in every 3 years. The extreme value
theory approach presented here can serve as a useful tool to extrapolate the
intensity projection of intense storms that cannot be resolved explicitly due to
horizontal resolutions in dynamical models.

We conclude with a summary of uncertainties and limitations in simulating TC
activity that have been identified or examined in this study.

Items tested and analyzed in this study:

1. TC tracking method

• Subjectivity in the TC tracking method can be decreased by mirroring the
tracking results with the simulated large-scale environment, and by pre-
senting a range of uncertainty in the tracking results

2. Horizontal resolution

• Resolutions tested in this study (36- and 12-km) are not sufficient for
simulating intense storms. We demonstrated a statistical approach to
extrapolate the model intensity projections to intense storms.
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Items identified in this study:

1. Influence of the following in TC frequency: lateral boundary location;
nesting; and initial conditions.

2. A method for correcting biases in GCMs for application to regional climate
modeling.

Additional items noted by other studies include parameterizations and nudging.
Ongoing work using the NRCM has shown recently that simulated TC frequency
can vary by computer architectures as well.

In our experiments, North Atlantic TCs were projected to increase in both
intensity and frequency. The projected increase of intensity is in agreement with
the consensus made by past studies [3]. That there is a clear tendency among
downscale experiments, despite the differences in their model configurations,
implies that the projected increase of TC intensity with global warming may be
above the range of uncertainties associated with downscale experimental design.
However, projection of North Atlantic TC frequency remains divided. Out of 23
downscale experiments summarized in a review article by Knutson et al. [3], ten
experiments resulted in an increase, and 13 resulted in a decrease of North Atlantic
TC frequency with global warming. Our result adds to the ten experiments that
indicated an increase. It remains unclear how each sources of uncertainties con-
tributes to the disagreement in the projection of TC frequency.

This study has added knew knowledge on a range of methods for analyzing
tropical cyclones in regional climate models, and identified several areas of bias
and uncertainty along with their impacts and recommended approaches to reducing
these. Regional climate modeling of high-impact weather is very much a growth
area as computing resources of sufficient capacity become available. These results,
while developed for tropical cyclones, are generally applicable to these other
severe weather studies.
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