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The integrated kinetic energy (IKE) of a tropical cyclone (TC), a volume integra-
tion of the surface winds around the centre of the TC, is computed from a compre-
hensive surface wind (National Aeronautics and Space Administration’s (NASA)
cross-calibrated multi-platform [CCMP]) analysis available over the global oceans
to verify against IKE from wind radii estimates of extended best-track data main-
tained by NOAA for the North Atlantic TCs. It is shown that CCMP surface wind
analysis severely underestimates IKE largely from not resolving hurricane force
winds for majority of the Atlantic TCs, under sampling short-lived and small-sized
TCs. The seasonal cycle of the North Atlantic TC IKE also verifies poorly in the
CCMP analysis. In this article we introduce proxy IKE (PIKE) based on the
kinetic energy of the winds at the radius of the last closed isobar (ROCI), which
shows promise for a wide range of TC sizes including the smaller-sized TCs unre-
solved in the CCMP data set.
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1 | INTRODUCTION

Atmospheric and oceanographic reanalysis are major
accomplishments achieved by the scientific community that
have opened doors of understanding the complexities of cli-
mate and its variations over the years. In particular, tropical
cyclone (TC) studies have utilized such advancements to
understand their structure, dynamics and influence on cli-
mate variability. For instance, Hart, Maue, and Watson
(2007) studied the local memory of atmospheric and oce-
anic variability after TC passage using the 40-year
European Centre for Medium-Range Weather Forecasts
(ECMWF) Re-Analysis (ERA-40); Sriver and Huber (2007)
examined the average oceanic heat transport by TCs; Hart
(2011) examined the influence of TC activity on polewards
heat transport through changes to the meridional heat flux.
However, the constant concern of coarse grid resolution,
limitations of the physics and dynamics of the data assimila-
tion models, the shortcomings of data assimilation method-
ologies, observational errors and scarcity of observations

integrated kinetic energy, reanalysis, tropical cyclones

representing TCs in the reanalysis have always persisted.
For example, the limitations of atmospheric reanalysis in
representing the intensity and location of the TCs are
highlighted in Schenkel and Hart (2012) and Zick and
Matyas (2015). Schenkel and Hart (2012) found that major-
ity of the reanalysis data sets poorly resolve TC location
and intensity. LaRow (2013) used the Center for Ocean-
Atmospheric Prediction Studies (COAPS) Land-Atmosphere
Regional Reanalysis for the Southeast (CLARReS10)
(Stefanova et al., 2012) at 10-km grid interval to study land-
falling TCs for the years 1979-2000 and found that near-
surface winds were inadequately resolved when compared
to the observed data. Similarly, Jourdain et al. (2014) inves-
tigated oceanic responses to TC surface winds by extracting
wind data from ECMWF operational analysis and ERA-
Interim reanalysis. They found that TC surface winds,
on average, grossly underestimated intensity parameters
causing misrepresentation of vertical mixing and Ekman
pumping in the cold wake of the TC passage in the global
eddy-permitting ocean reanalyses that were utilized.
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Our motivation in this research is to examine the
usability of a well-known sea-surface wind analysis data
set like the National Aeronautics and Space Administra-
tion’s (NASA) funded Cross-Calibrated Multi-Platform
Ocean Surface Wind Vector L3.0 First-Look Analysis
(hereafter referred CCMP) (Atlas et al., 2011) for TC
application studies. For this study, we have used the met-
ric of integrated kinetic energy (IKE) (Powell & Rein-
hold, 2007) to examine the fidelity of TC features in
CCMP. IKE is the volume integral of the square of the
surface winds from the radii of maximum winds (RMW)
to gale-force strength (17 m/s or 34 kt; 1 kt = 0.5 m/s)
(Misra, DiNapoli, & Powell, 2013; Powell & Reinhold,
2007). IKE emphasizes on the spatial distribution of the
surface winds around the TC unlike other metrics that
overemphasize the peak sustained winds measured at a
particular point and completely neglect the size of the
TC (Franklin, Black, & Valde, 2003; Nolan, Zhang, &
Uhlhorn, 2014). For example, accumulated cyclone
energy (Bell et al., 2000) causes overestimation of sea-
sonal TC activity because it uses only the point measure-
ment of peak sustained winds (Yu & Chiu, 2012; Yu,
Chou, & Chiu, 2009). Furthermore, Powell and Reinhold
(2007) suggest that IKE represents the destructive poten-
tial of a TC far better than other metrics as the kinetic
energy of the surface wind scales with wind loads on
structures and also scales with the surface wind stress
over ocean surface that force storm surge. The objective
of this study is to validate IKE of the Atlantic TCs in the
CCMP analysis and assess its usability for TC IKE diag-
nostic studies.

A brief discussion on the data sets used in this study is
provided in section 2. We present our methodologies to per-
form our validation of IKE from CCMP in section 3.
Section 4 discusses the results with final conclusions in
section 5.

2 | DATA SETS

2.1 | The extended best-track data set

The Colorado State University extended best-track (EBT)
data set (Demuth, DeMaria, & Knaff, 2006) provide wind
radii data for TCs in the North Atlantic (NA) basin for the
1988-2015 period. From 1988 to 2003, the EBT wind radii
were copied from the operational estimates found in the
automated tropical cyclone forecast (ATCF) data files. In
2004, the wind radii became a formal best-tracked quantity
in HURDAT?2. Since 2004, the EBT wind radii use these
values. Similarly, RMW in EBT is also from the operational
estimates of the a-decks in the ATCF system. However,
unlike the intensity and position parameters in HURDAT2
the RMW through the entire period are simply operational
estimates and are not subject to post-season best-track

analysis (Landsea & Franklin, 2013). In fact, Vigh, Knaff,
and Schubert (2012) have pointed to significant inconsis-
tencies between aircraft measurements of RMW and outer
wind radii with those reported in EBT. Furthermore, Land-
sea and Franklin (2013) indicate that these wind radii esti-
mates have an uncertainty range of 25-52% depending on
its operational data source (which includes ship and buoy,
aircraft, satellite-based estimates and operational analyses).
Nonetheless, Knaff, Slocum, Musgrave, Sampson, and
Strahl (2016) and Dolling, Ritchie, and Scott Tyo (2016)
have indicated that these wind radii estimates are reasonable
to use for method development studies despite their prevail-
ing uncertainties. Furthermore, the EBT wind radii data
have now been extended for a limited time period (2001-
present) to the East Pacific basin (http://rammb.cira.colos-
tate.edu/research/tropical_cyclones/tc_extended_best_track_
dataset/). We will explore the IKE analysis of TCs in other
tropical ocean basins in a future study. However, for this
study we will be confined to the NA basin.

2.2 | CCMP winds

The CCMP analysis provides sea surface winds at a height
of 10 m around the globe with the exception of the Arctic
Ocean (Atlas et al., 2011). It has been widely used for a
number of ocean related studies (Oey, Chang, Chang,
Lin, & Xu, 2013; Zheng, Pan, & Li, 2016) including TC
studies (Pei, Zhang, & Chen, 2015; Vukicevic, Uhlhorn,
Reasor, & Klotz, 2014; Zhang, Pei, & Chen, 2013). The
CCMP surface wind analysis version 1.1 (https://podaac.jpl.
nasa.gov/dataset/CCMP_MEASURES_ATLAS_L4_OW_

L3_0_WIND_VECTORS_FLK) is available at 0.25° grid
spacing at 6-hourly intervals from 1987 to 2011. This
analysis has been developed using the variational analysis
method (VAM) (Hoffman et al., 2003) that combines in
situ, remotely sensed observations (microwave radiometers
and scatterometers; e.g., WindSat and QuikScat, respec-
tively) and first guess estimate from analyses (ECMWF
reanalysis [ERA-40] was used for 1987-1998 period and
ECMWF operational analysis thereafter). Satellite-
retrieved surface winds from the remote sensing systems
(RSS) are derived after inter-calibrating the radiometers at
a brightness temperature level to within 0.2 °C by using a
refined sea surface emissivity model and a radiative trans-
fer function (Atlas et al., 2011). This results in these wind
retrievals being highly consistent across the different
microwave radiometer platforms (e.g., SSM/I, SSMIS,
AMSR, TMI, WindSat and GMI). In addition, both the
scatterometer and radiometer data are validated against the
ocean moored buoys that exhibit agreements to within
0.8 m/s. The VAM using the ERA-40 analysis as the back-
ground wind field assimilates the RSS instrument data
with the moored ocean buoy measurements to produce the
CCMP surface wind analysis referenced at a height of
10 m above the surface.
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3 | METHODOLOGY

The definition of (total) IKE following Powell and Rein-
hold’s (2007) is:

rxx (27
J j perdadrdz, (1)

IKE:—J
0

h Jrvw

where p is a constant value for air density, which is taken to
be 1.15 kg/m’, V is the surface wind speed and the integra-
tion is a volume integral of the surface winds for a thickness
of 1 m (h) between the observed RMW (ryw) and radii of
gale force winds (ry) 17 m/s or 34 kt) and « is the sector
angle. Misra et al. (2013) developed a historical IKE data
set for the NA TCs using EBT for the years 1990-2011,
which is now extended to 2014. Because the data available
from EBT are not gridded but available for the four quad-
rants of the TC, Misra et al. (2013) have suggested a
detailed algorithm to compute IKE from such discrete data
(Table 1). This data set will be used as the validation data
set when comparing CCMP-IKE values. We separated the
total IKE (Equation (1)) from EBT into three components
(34, 50 and 64-kt IKE) for further comparison. In other
words, we partitioned total IKE into IKE34_so, IKEs_¢4 and
IKE¢srmw discretely as the sum of the square of the winds
between 34 and 50 kt, 50 and 64 kt and 64 kt and RMW,
respectively, from both EBT and CCMP data sets (follow-
ing Equation 2). It should be noted that the EBT considers
the asymmetries in the surface wind structure of the TC by
providing estimates of wind radii in the primary intercardi-
nal directional (northeast, southeast, southwest and north-
west) quadrants of the TC at each fix and further we follow
the algorithm provided in Table 1 following Misra
et al. (2013). However, CCMP being a gridded analysis
(albeit at 0.25° spatial resolution) provides an opportunity
for a more accurate account of TC surface wind asymme-
tries than EBT.

It is well known that the size of the TC has a stronger
bearing on IKE than the peak sustained wind speeds
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(Kozar & Misra, 2014; Misra et al., 2013; Musgrave, Taft,
Vigh, McNoldy, & Schubert, 2012; Powell & Reinhold,
2007). Therefore, the size (or spatial extent) of the 34 kt
winds for TCs plays a significant role in the total IKE than
the comparatively smaller spatial extent of the 50 and 64 kt
winds (Kozar & Misra, 2014). We therefore also computed
separately IKE3,_ 5o, IKEso_g4 and IKEg4 rpvw from CCMP
analysis to validate with corresponding IKE derived from
EBT data. These were computed as:

1 XX
IKE, -1y = 2 Jh J L prVidadrdz,  (2a)
C

vy CMP3EBT

where ry and ryy refers to the radii for one of the four wind
speeds (34 kt, 50 kt, 64 kt and V,,.,) and the differing
limits of integration of da owing to the difference in the dis-
cretization of the two data sets (CCMP and EBT) would
therefore follow as:

Ocevmp =0<a<2r, (2b)
0<a<g, as 6 in the first quadrant

n .
§<a<zr, as 6, in second quadrant

HEBT = (20)

3
ﬂ<a<7ﬂ, as 63 in third quadrant

3
7ﬂ<a<27r, as 64 in fourth quadrant

For example, EBT IKE computed between 34 and 50 kt
winds will be computed as:

1 134 134
IKE34_50=7J {J J rV2dadr+J J rV2dadr
2 h rso J 0, rso J 60

V34 134
+J J erdadr+J J rV2dadrldz. (3a)
63 [

50 50

It may be noted that the above sectoral area integrals
within the curly brackets in Equation 3a are discretely com-
puted following the algorithm outlined in Table 1. However,

TABLE 1  Algorithm to compute IKE from EBT wind radii data (adapted from Misra et al., 2013)

Annulus contribution to IKE Condition Mean wind (kt) Area
IKE3, s0 Rso> 0 40 1/4 7(R34*~Rs0?)
NO Rsg, Vinax > 50, R3s > RMW 40 1/4 7(R34°—[0.75RMW1?)
NO Rsg, Vinax < 50, R34 > RMW 1/4 Viax + 3/4 (34) 1/4 7(R34°~[0.75RMW]?)
No Rpe, RMW = R34 34 1/4 m(R34°~[0.5R34]%)
IKEso 64 Res > 0 27.75 1/4 m(Rsy’~Re4”)
NO R4, Vs > 64, Rso > RMW 27.75 1/4 1(Rso>—[0.75RMW]?)
NO Res, Vinax < 64, Rso > RMW 0.25 Vipax + 0.75 (50) 1/4 7(Rso>~[0.75SRMW]?)
No Re4, Rso < RMW 26 1/4 m(Rsy>~[0.5R50]%)
IKE. ¢4 Max Ry quadrant, Rey > RMW 0.25 Viax + 0.75 (64) 1/4 7(Re4*~[0.75RMW]?)
Max R, quadrant, Rgs = RMW 0.25 Viax + 0.75 (64) 1/4 7(Rea>~[0.75R64]°)
Res < RMW 0.1 Vipax + 0.9 (64) 1/4 7(Rg4>~[0.75R4]?)
Not max R4 quadrant, RMW = R, 0.1 Vipax + 0.9 (64) 1/4 7(Rg4>~[0.75SRMW1?)

Vmax = maximum sustained wind speed.
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TABLE 2  The correlation of IKE with wind radii from EBT data
(Demuth et al., 2006) for three different time periods

All years Non-best-track years Best-track years
(1990-2014) (1990-2003) (2004-2014)

34 kt radii 91 92 93

50 kt radii .83 .84 .84

64 kt radii .68 .65 73

in the gridded data set of CCMP, IKE computed for exam-
ple, between 34 and 50 kt winds will be:

i (27
IKE34_50=1J JJ prVdadrdsz. (3b)
2 hJrsy JO

This difference in methodology of computing IKE from
a gridded analysis like CCMP (using Equation 3b) and from
data set like EBT (Equation 3a) is apparent.

However, we quickly found that CCMP poorly resolves
50 and 64 kt winds in TCs of the NA basin. In fact, of the
1,414 and 979 fixes of TCs that had 50 and 64 kt winds in
the EBT data (for the period 2004-2011) there were only
289 and 218 fixes in the corresponding CCMP analysis,
respectively. Therefore, given such poor capture and small
sample size of the TC wind structure at high wind speeds,
we have limited our discussion of the verification results to
only the IKE34 5o of TCs in the CCMP analysis.

Table 2 clearly shows that the 34 kt radii variation
explains more variance of the total IKE than the radii of the
other two specified wind regimes in the EBT data. It may
be noted that all correlation values in Table 2 pass the 5%
significance level according to ¢ test. Furthermore, the
choice of the time period (exclusively using best-track years
vs. non-best-track years of EBT) chosen has the least impact
on this relationship for all three wind speed ranges
(Table 2).

In order to understand the methodological differences in
the diagnosis of IKE between EBT and CCMP IKE, we

computed IKE in CCMP using both Equations 3a and b. It
may be noted that we diagnosed the maximum radial extent
of 34 kt winds in each of the four quadrants before using
Equation 3a for the CCMP data set. Figure 1 shows the dif-
ference in IKE estimates from the two methodologies
(Equations 3a and b) for all TC fixes in the CCMP data set
that resolved 34 kt winds or higher in at least one of the
quadrants. It is clearly seen from this figure that Equation 3a
overestimates IKE relative to Equation 3b. For the sake of
consistency in verifying with EBT IKE we choose to use
Equation 3a to compute CCMP IKE even though the use of
Equation 3b would provide a more representative estimate
of IKE for a given TC fix in a gridded analysis like the
CCMP data set.

4 | RESULTS

4.1 | Validation of CCMP surface wind analysis

The EBT data set contains 2,353, 6-hourly time fixes of
TCs with IKE;4 5o values for the years 2004-2011. How-
ever, CCMP only resolved 514 fixes out of the aforemen-
tioned 6-hourly time fixes with 34 kt wind radii. Atlas
et al. (2011) clearly indicate that all microwave sensors used
in the CCMP analysis are sensitive to rain with increasing
rain rate associated with decreased accuracy. Furthermore,
data gaps of satellite-retrieved winds can also result in such
poor validation. A scatter plot between CCMP’s resolved
IKE;4 50 against EBT’s 1IKE34 5o (Figure 2a) and EBT’s
total IKE (Figure 2b) displays the fidelity of the CCMP
wind structure of NA TCs. It may be noted that in
Figure 2a,b there are only 514 TC fixes resolved by CCMP
analysis. The explained variance of CCMP’s IKE34 5o on
the corresponding EBT’s IKE3, s (R* = 31%) in Figure 2a
is similar to that for total IKE from EBT (R = 32%;

200 T T T T T T T

T T T

180

—— IKE (from Equation 3a)
— IKE (from Equation 3b) | 7

160

140
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100

IKE

80
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40

o 1 1 1

FIGURE 1 IKE (in TJ) computed from
Equations and from CCMP data sets for all
514 TC fixes in which 34 kt or greater wind
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” WU\ l 'M wa *‘K" il J \“

450 500 speed was resolved [Colour figure can be

viewed at wileyonlinelibrary.com]
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FIGURE 2  Scatter of IKE (in Terra Joules; TJ) from CCMP surface wind

analysis (Atlas et al., 2011) with corresponding EBT data (Demuth et al.,
2006) for Atlantic TCs from 2004-2011. (a) Scatter shows the spread of
EBT IKE3, 50 vs. the CCMP IKE;,_so (Equation 3a). (b) Scatter of EBT
total IKE (Equation (1)) vs. CCMP IKEz,4_so. The unit of RMSE is TJ. The
dotted black line is y = x line [Colour figure can be viewed at
wileyonlinelibrary.com]

Figure 2b). The comparable values of R value between
Figure 2a,b suggest yet again that the radii of the 34 kt
wind is critical for total IKE in the EBT data set. The major-
ity of the points in the scatter plot of Figure 2a lie above the
diagonal line (y = x) suggesting that there is a systematic
underestimation of IKE from CCMP relative to EBT. There
is however a significant minority of fixes (with IKE ranging
up to about 100TJ) for which CCMP overestimates IKE rel-
ative to the EBT data set. Similarly, Figure 2b also shows
that IKE;4 59 from CCMP underestimates the total IKE
from EBT for a majority of TC fixes with IKE <100TJ. The

of Climatology

relatively large RMSE values in Figure 2a,b reemphasize
the bias in the CCMP TC wind structure.

The climatological seasonal cycle of the number of TCs
and IKE;34 50 computed over the period of 2004-2011 are
shown in Figure 3a,b, respectively. The number of TCs in
EBT data set in Figure 3a (2,279 over all seasons) corre-
spond to TCs which had 34 kt wind reported at least in one
quadrant in at least one 6-hourly fix over the lifetime of the
TC. Similarly, the number of TCs in the CCMP data set in
Figure 3a (505 over all seasons) are those in which the
34 kt wind radii is resolved in at least one 6-hourly fix over
the lifetime of the TC. Figure 3a clearly shows that the
CCMP systematically underestimates the number of fixes
and the number of TCs throughout the NA season. In the
months of August, September and October the differences
in the count of both the TCs and the fixes between CCMP
and EBT data sets are the largest (Figure 3a). In a related
study, Misra et al. (2013) indicate that these are the months
when TC’s in the NA have the longest lifespans and acquire
their largest size. Coincidentally, we also observe that the
largest bias in CCMP IKE appear in August, September and
October (Figure 3b). The IKE bias in the CCMP data set is
so severe that even its seasonal cycle is not well represented.
For example, CCMP shows a seasonal peak in July followed
by the next maximum in November contrary to the EBT
data set. We also compared the seasonal cycle of IKE for
the same fixes in both CCMP and EBT data sets (i.e., for
the 505 fixes of CCMP; not shown) and found the differ-
ences to be qualitatively very similar to Figure 3b. This indi-
cates that at least the bias in the seasonal phase of IKE in
the CCMP analysis in Figure 3b is largely from the bias in
the TC size and its wind structure.

We also computed the track density expressed as the
number of TCs per 2 X 2° cell with non-zero IKE;,4_so sepa-
rately from both EBT and CCMP analysis (Figure 4). It may
be noted that in Figure 4 TCs that stayed within one cell for
multiple 6-hourly time fixes were counted as many times as
they appeared in the cell. In examining Figure 4a—c, a num-
ber of features can be noted: (a) The overall track density
across NA Ocean is generally far less in CCMP relative to
EBT, (b) the track density differences are comparatively less
in the Gulf of Mexico and near the Gulf coastal regions than
those in central and eastern Atlantic Ocean (Caribbean Sea)
and (c) the largest differences in track density are observed
in the deep tropical Atlantic in the main development region
(MDR) (10°-20°N, 80°-20°W) and in the subtropical lati-
tudes including the Atlantic coast. The bias over the MDR
suggests that CCMP has difficulty in resolving TC’s at time
of genesis when they are small in size and are also poten-
tially short-lived. There are however other reasons for the
differences between Figure 4a,b. For instance, there is a
higher frequency of TC fixes in the open ocean in the EBT
data than near the coasts, which then leads to the likelihood
of more differences from CCMP data set over open oceans
because of the sample size differences. Another reason is
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Climatological seasonal cycle of IKE34 5, (2004-2011)
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(a) Climatological seasonal cycle of the number of fixes used in computing IKE from EBT (green bar) and CCMP (blue bar) data sets. These

fixes reported with 34 kt wind at least in one quadrant in the EBT or over one grid point in the CCMP data sets. Similarly, the number of TCs in the EBT
(yellow line) and the corresponding number of resolved TCs in the CCMP (black line) are also shown. The numerical values of the number of fixes (in the
first two rows) and number of TCs (in the bottom two rows) from EBT and CCMP data sets are indicated in the embedded table. (b) Climatological
seasonal cycle of IKE (TJ) from EBT (blue bar), CCMP (grey bar) and ProxyIKE (TJ; PIKE; orange bar) computed from CCMP data set. Because the
sample sizes in CCMP and EBT data set are so disparate, we used the median IKE values for each month to reduce the influence of the different sample size

on the climatological seasonal cycle of IKE [Colour figure can be viewed at wileyonlinelibrary.com]

that in the open ocean CCMP analysis relies more heavily
on remotely sensed wind that is contaminated by rain clouds
of the TC and therefore results in less coverage of TC winds
by CCMP analysis (Atlas et al., 2011).

4.2 | The proxy IKE in CCMP analysis

Given the relatively poor validation of the TC wind struc-
ture in the CCMP analysis especially for the smaller-sized
TCs, we resort to the development of a proxy IKE (PIKE),

which is defined as the contour integral of the product of
the square of the winds at the radius of the last closed isobar
(ROCI) and the radius of the last closed isobar (rrocy). The
concept of PIKE is fundamentally motivated by the fact that
IKE is more dependent on the size of the TC than its maxi-
mum sustained wind speed. Mathematically, PIKE may be
expressed as:

PIKE=J

TROCI )
% PFrROCI VROCIdCdZ' (4)
h

TROCI
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zero values of IKE34 sq per 2 X 2° cell) plot of NA TCs for the years
2004-2011 from (a) EBT, (b) CCMP and (c) combined (a) and (b). The
grid cells are of equal area, normalized by the cosine of latitude [Colour
figure can be viewed at wileyonlinelibrary.com]
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Equation 4 suggests that PIKE is the kinetic energy
based on winds at ROCI (Vrocy) that is integrated along the
contour of rrocy. Further motivation to develop PIKE is the
increased likelihood of resolving the winds at ROCI in
CCMP analysis because of its weaker wind speeds and
larger size than radii of winds stronger or equal to tropical
storm strength. In addition, the relative distance of ROCI
from the very active areas of convection around the centre
of the TC and along the surrounding rain bands would make
the diagnosis of the winds less susceptible to contamination
from precipitating clouds in the CCMP analysis. Further-
more, PIKE from CCMP analysis provides the likelihood
for better verification with IKE from EBT data because IKE
is far more sensitive to the size of the TC than wind speed
(Misra et al., 2013; Powell & Reinhold, 2007) and ROCI is
a good measure of the size of the TC (Carrasco, Landsea, &
Lin, 2014).

Very importantly we are able to compute PIKE for all
2,353 TC fixes in the EBT data set for which IKE was com-
puted. This is because PIKE is designed to capture the vari-
ations of IKE based on winds at ROCI and does not require
TC in CCMP to acquire tropical storm strength winds or
higher. In comparison, it may be noted that the CCMP anal-
ysis resolved only 21.8, 20 and 22% of the TC fixes with
34, 50 and 64 kt wind radii TC’s relative to EBT data,
respectively. The seasonal cycle of PIKE is slightly
improved over that of CCMP (Figure 3b) with at least the
seasonal peak appearing in September as in EBT data set.
However, PIKE underestimates EBT IKE in every month of
the season significantly. This bias is expected given that
PIKE is purely based on winds at ROCI which would be
much weaker than the tropical storm strength or higher
wind speeds. The largest bias of PIKE appears in September
and November while the smallest bias is displayed in June
followed by August (Figure 3b). This suggests that PIKE
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displays greater benefit over CCMP IKE for small-sized
TCs that typically are observed in early part of the Atlantic
hurricane season. The bias in PIKE begins to increase sub-
stantially in the months when large-sized TCs with associ-
ated asymmetries, are more prevalent during the seasonal
peak and towards the end of the season. The asymmetries
cause distortion of the ROCI from a symmetric single value
provided by EBT for each TC fix. As a result, PIKE is
bound to develop a bias for such TCs.

A display of the distribution (boxplot) of the winds at
ROCI (Figure 5) indicates that the median wind at ROCI—
for all 8 years of study—is around 9.2 m/s with maximum
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FIGURE 6 The scatter between PIKE (Equation 4; TJ) based on surface

winds from CCMP winds and total EBT IKE (Equation (1); TJ) for (a) all
fixes in the EBT data and (b) for TC fixes with at least tropical storm
strength winds in EBT data that is unresolved in CCMP analysis. The
dotted black line in both panels is y = x line [Colour figure can be viewed
at wileyonlinelibrary.com]

winds near gale-force strength in some of the years
(e.g., 2004, 2009 and 2011). These comparatively strong
winds at ROCI are usually on account of the asymmetric
features from the extratropical transition of a relatively
large-sized TC (Evans & Hart, 2003; Kimball & Mulekar,
2004). Furthermore, it should be noted that ROCI is
affected by the translation speed of the TC, which makes its
estimate fairly difficult and uncertain (Merrill, 1984; Chu,
Sampson, Levine, & Fukada, 2002; Cocks & Gray, 2002).
In addition, the pressure of the last closed isobar in EBT
takes on discrete integer values of 1 hPa and ROCI could
vary a fair amount over that interval. Therefore, the wind
speeds at ROCI could have substantial variance as indicated
in Figure 5. Finally, some subjectivity exists in estimates of
ROCI especially when last closed isobar is distorted
(Cocks & Gray, 2002).

The scatter between IKE from EBT and PIKE computed
from CCMP wind analysis at ROCI is shown in Figure 6a
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FIGURE 7 The composite track density (number of TCs per 2 X 2° cell)
plot of TCs for which the PIKE from CCMP validates most (a) poorly,

(b) closely (see text for explanation) and (c) combined (a) and (b) with
corresponding IKE of TCs from EBT for the 2,353 fixes between the years
2004 and 2011. The grid cells are of equal area, normalized by the cosine
of latitude [Colour figure can be viewed at wileyonlinelibrary.com]
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for all 2,353 TC fixes between 2004 and 2011, which indi-
cates a correlation of .67 (or R* = .45) and RMSE value of
35.10 TJ. In comparison, the conventional IKE computed
from the CCMP wind analysis for all 2,353 fixes of EBT
data set displayed a correlation of .56 (or R* = .32) and
RMSE value of 40.46 TJ (Figure 2b). The improvement of
PIKE is further corroborated in Figure 6b, which shows the
scatter of PIKE and IKE from EBT exclusively for TC fixes
with tropical storm strength winds that were not resolved by
CCMP analysis. Here the correlation between PIKE and
IKE is .71 (R* = .50) and RMSE is 33.41 TJ.

A composite track density of TC fixes falling at or
below the 10th and at or above the 90th percentile of abso-
lute difference between IKE and PIKE (IIKE — PIKEI) to
represent the most closely and poorly validated estimates of
IKE from PIKE are shown in Figure 7a,b with their differ-
ence in Figure 7c, respectively. The value for the 10th
(90th) percentile in absolute difference is 0.92 TJ (55.67
TJ). In examining Figure 7a—c, we see some overlap in the
geographical location of the TC fixes whose PIKE value
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(TJ) and (b) PIKE (TJ) for fixes that are at or above the 90th percentile of
differences between PIKE and EBT IKE. The dotted black line represents
y = x line [Colour figure can be viewed at wileyonlinelibrary.com]

of Climatology

most poorly and closely validate EBT IKE. There is how-
ever a subtle difference with more recurving TCs and TCs
with a northerly track (likely undergoing extratropical tran-
sition) validating more poorly (Figure 7a) than the relatively
zonally tracking TCs of the deep tropics (Figure 7b). One of
the explanations for this difference is the higher values of
IKE for larger-sized extratropical cyclones (Misra et al.,
2013) that increases the likelihood increased magnitude of
errors in the estimates of IKE from PIKE relative to EBT
derived IKE values. Furthermore, increasing asymmetries in
the wind structure as TCs undergo extratropical transition
(Evans & Hart, 2003) result in reducing the validity of using
a symmetric estimate for ROCI obtained from EBT. In addi-
tion, estimating ROCI where the last closed isobar is dis-
torted (which is likely to be the case for TC undergoing
extratropical transition) in itself is uncertain. These factors
are likely to increase the discrepancy between PIKE from

CCMP and IKE from EBT especially for such
asymmetric TCs.
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We also show the scatter of the EBT IKE with PIKE
and CCMP IKE for the fixes for which PIKE verified
poorly (fixes at 90th percentile or above for the difference
between PIKE and EBT IKE; Figure 8) and reasonably
(fixes at 10th percentile or below for the difference between
PIKE and EBT IKE; Figure 9). In both these instances, we
clearly see that PIKE outperforms CCMP IKE. It is quite
clear from all of this analysis that PIKE is a good alternative
to IKE in the CCMP data set. In comparing Figures 8 and 9
it is clear that PIKE verifies better with EBT IKE in
instances of TC with smaller IKE.

5 | CONCLUSIONS

The aim of the article was to examine the fidelity of the
TC-IKE over several hurricane seasons of the tropical NA
in the CCMP analysis. We used the EBT data for validation.
IKE relies on the structure of specified surface wind
regimes, which makes it a reliable metric to estimate poten-
tial damage from storm surge and wind load on structures.
Because IKE is not dependent on a transient feature like the
peak sustained wind speed but volume integrates the surface
wind from the centre of the TC out to 34 kt wind speed, it
has considerable inertia and therefore has the potential to be
simulated or predicted better than other TC metrics
(Kozar & Misra, 2014; Kozar, Misra, & Powell, 2016). It
should be noted however that the observed wind radii esti-
mates from EBT have considerable uncertainty, which
makes any validation exercise of IKE challenging. How-
ever, it is imperative to pursue these studies despite the limi-
tations of observations given the growing recognition of the
importance of TC size and IKE on the potential impacts of
landfalling TCs.

The CCMP analysis was found to barely resolve 34 kt
winds in the majority of TCs let alone winds at 50 and
64 kt wind reported in EBT. We therefore computed
IKE34 59 from the CCMP wind analysis, which only
resolved 21.8% of comparable fixes in EBT. It was found
that IKE34 50 from CCMP analysis was found to explain
about 30% of the variance of the total IKE in the EBT data
for the NA basin for the resolved TC fixes in the CCMP
analysis. The CCMP analysis was also found to particularly
have issues of IKE bias in TCs that were small in size and
short in lifespan. In many such cases, CCMP failed to
resolve the TC fixes. Large TCs with long lifespans are
invariably resolved in the CCMP irrespective of their loca-
tion (either in the open ocean or near the coast). But the
areal coverage of gale-force winds for large TCs were also
underestimated in the CCMP analysis relative to the EBT
data set giving rise to large errors in the estimates of IKE.
The climatological seasonal cycle of IKE34 5o for the NA
TCs are also very poorly validated in the CCMP winds. The
seasonal peak of IKE in CCMP appears in July which is
contrary to the EBT data set that shows seasonal peak in

September. Furthermore, CCMP also grossly underestimate
total IKE and the number of fixes relative to EBT data.

A PIKE based on the volume integration of the square
of the winds at the ROCI is introduced. PIKE from CCMP
analysis shows promise in validating with EBT IKE. PIKE
shows significant improvement over IKE from CCMP for a
broad range of TC sizes. PIKE however displays larger bias
for northwards tracking NA TC’s. This may be a result of
the increasing influence of wind asymmetries of larger-sized
TCs that is not reasonably well represented in PIKE owing
to symmetric single values of ROCI for each TC fix.
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