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ABSTRACT: The radius of maximumwindRmax, an important parameter in tropical cyclone (TC) ocean surface wind structure,
is currently resolved by only a few sensors so that, in most cases, it is estimated subjectively or via crude statistical models. Re-
cently, a semiempirical model relying on an outer wind radius, intensity, and latitude was fit to best-track data. In this study we re-
vise this semiempirical model and discuss its physical basis. While intensity and latitude are taken from best-track data, Rmax

observations from high-resolution (3 km) spaceborne synthetic aperture radar (SAR) and wind radii from an intercalibrated data-
set of medium-resolution radiometers and scatterometers are considered to revise the model coefficients. The new version of the
model is then applied to the period 2010–20 and yields Rmax reanalyses and trends that are more accurate than best-track data.
SAR measurements corroborate that fundamental conservation principles constrain the radial wind structure on average, endors-
ing the physical basis of the model. Observations highlight that departures from the average conservation situation are mainly ex-
plained by wind profile shape variations, confirming the model’s physical basis, which further shows that radial inflow, boundary
layer depth, and drag coefficient also play roles. Physical understanding will benefit from improved observations of the near-core
region from accumulated SAR observations and future missions. In themeantime, the revisedmodel offers an efficient tool to pro-
vide guidance onRmax when a radiometer or scatterometer observation is available, for either operations or reanalysis purposes.
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1. Introduction

Estimating tropical cyclone (TC) ocean surface wind structure
is challenging but crucial for several applications. In particular,
TC surface wind spatiotemporal distributions are used as input to
surface wave studies (Wright et al. 2001; Young 2017; Kudryavtsev
et al. 2021), storm surge studies (Irish et al. 2008; Takagi and Wu
2016), or the upper ocean responses to TC passages (Price 1981;
Ginis 2002; Kudryavtsev et al. 2019; Combot et al. 2020b). In such
studies, the radius of maximum winds (hereinafter Rmax) is a criti-
cal parameter that significantly affects wave developments, surge
estimates, sea surface height, temperature, and salinity variations
within the TC wakes. Most parametric surface wind fields, often
used for those applications, assume that Rmax is known (Holland
1980; Willoughby et al. 2006). Thus, Rmax errors cascade into er-
rors for the entire spatial distribution of wind speeds. For instance,
a Rankine profile may be defined as
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Figure 1a shows a comparison between two Rankine profiles
for two different Rmax values representative of TC Lane, a
northeastern Pacific Ocean hurricane that reached category 5
on the Saffir–Simpson scale in 2018. TC Lane’s wind speeds
were estimated by a swath of satellite-based SAR observation
at 0438 UTC 23 August (Fig. 1b). From the SAR wind speeds,
the azimuthally averaged wind profile can be derived (dashed
green curve in Fig. 1a). The inferred Rmax is 15 km, which is
smaller by approximately a factor of 2–3 than the 37-km value
interpolated to the SAR acquisition time in the best-track data
(Knapp et al. (2010); hereinafter IBTrACS). Such a mismatch
between best-track and SAR Rmax estimates is representative
of what has been reported in the literature (Combot et al.
2020a). In the present case (Fig. 1a), this discrepancy results in
a mean absolute error (MAE) as high as 28 m s21 near the eye-
wall region when using subsequent Rankine profile estimates.

To date, airborne Stepped Frequency Microwave Radio-
meter (SFMR) surface winds (Uhlhorn et al. 2007) provide
means to estimate Rmax. Yet, airborne measurements have
limited azimuthal coverage and are operated over only few
ocean regions and events. From a satellite perspective, high-
spatial-resolution estimates of TC ocean surface wind field
are now more systematically carried out, especially from
SAR dedicated acquisitions (Mouche et al. 2017; Combot
et al. 2020a). More reliable Rmax estimates are then obtained
for all ocean basins, though with limited spatiotemporal
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sampling. Presently, the most often available spaceborne ob-
serving systems, capable of probing the ocean surface during
TC conditions, are the combined capabilities from active scat-
terometers and passive radiometers (Quilfen et al. 2007). Rela-
tive to radiometers, scatterometers generally have an improved
medium spatial resolution. Yet, the strong gradients of the sur-
face wind existing at scales of a few kilometers may still be too
smoothed to precisely locate the wind maxima, and the position
of the center (Quilfen et al. 1998). In addition, scatterometers,
especially those operating at Ku band and higher microwave
frequencies, can suffer from rain contamination. Signal sensitiv-
ity at high winds (above hurricane force wind: 33 m s21) has
also been questioned (Donnelly et al. 1999; Mouche et al.
2019). Radiometer measurements may be less impacted by rain,
especially those operating at L band (Reul et al. 2012, 2017),
and are demonstrated to still be highly sensitive above hurri-
cane force winds. However, actual spaceborne radiometers op-
erating at L or C band have a lower spatial resolution. High
wind speed gradients near the Rmax region for the most-intense
TCs are then generally indistinct. Direct estimates of Rmax using
scatterometers or radiometers are thus difficult to perform and
are possibly limited to particular large-storm cases.

More indirect means to infer Rmax were also considered.
Both Mueller et al. (2006) and Kossin et al. (2007) used geo-
stationary infrared satellite data. For the cases where a clear
eye is well-defined on the infrared image, using linear re-
gression to estimate Rmax results in an MAE of only ;5 km
when compared with aircraft-based estimates. Under less
favorable conditions, Rmax can still be estimated via multi-
ple linear regression in combination with a principal compo-
nents analysis, but leads to a degraded MAE of ;20 km.
Notably, for the clear-eye case, Tsukada and Horinouchi
(2023) trained the linear regression with available SAR
Rmax estimates and improved the method, decreasing the
MAE to ;2 km.

In the absence of infrared data, a rough Rmax estimate can
also be obtained, considering the storm intensity and latitude
known, as evidenced by Willoughby et al. (2006) and Vickery

and Wadhera (2008). Indeed, following the angular momentum
conservation, Rmax must decrease when the intensity increases.
On average, such a physical constraint agrees well with observa-
tions [see for instance Fig. 9 in Combot et al. (2020a)]. In addi-
tion, it is also known that Rmax increases with latitude (e.g.,
Willoughby and Rahn 2004), another consequence of angular
momentum conservation along with the decrease of intensity
with latitude. Solely using intensity and latitude to predict Rmax

yields a root-mean-square error of order ;20 km. Results from
Vickery and Wadhera (2008) show that in several cases, the ob-
served Rmax is inconsistent with the general principle of angular
momentum conservation. This suggests that Rmax natural vari-
ability can hardly be captured by such simple statistical models.

More recently, Chavas and Knaff (2022)}hereinafter
CK22}suggested to use information on the TC outer size in
combination with latitude and intensity. In the CK22 frame-
work, Rmax is estimated from the TC intensity Vmax, the radius
of gale R34 [i.e., the maximum radial extent of the 34-kt winds
(1 kt ’ 0.51 m s21)] and the Coriolis parameter, defined as
f 5 2V sin(f), where V 5 7.292 3 1025 s21 is Earth’s angular
velocity and f is the latitude of the TC center. Such an
approach is practical, especially because R34 is well estimated
by satellite scatterometers and radiometers (Brennan et al.
2009; Chou et al. 2013; Reul et al. 2017). In fact, R34 estimates
are routinely produced for every TC and are included in
IBTrACS.

The CK22 framework is based on physical understanding
of the radial wind structure (Emanuel 2004; Emanuel and
Rotunno 2011) and phrased in terms of absolute angular
momentum M(r)5 rV 1 (1/2)fr2, where f, r, and V are the
Coriolis parameter, the radius, and the tangential wind speed
of an air parcel, respectively. If the ratio

Mmax

M34
:5

M(r 5 Rmax)
M(r 5 R34)

is prescribed, one can then estimate Rmax provided estimates
for the three abovementioned parameters using

FIG. 1. (a) Comparison between two Rankine profiles inspired by (b) the SAR acquisition over TC Lane at 0438 UTC 23 Aug 2018.
Rankine profiles are defined with SAR Rmax (15 km; solid green) or IBTrACS Rmax (37 km; solid blue) and the same Vmax (54 m s21) and
Vmin (7 m s21), consistently with the SAR azimuthally averaged profile (dashed green). MAE between the two Rankine profiles is shaded
in red.
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CK22 fitted a log-linear regression model to estimate the ratio
Mmax/M34 with the two predictors X(1)

34 :5 (Vmax 2 17:5 m s21)
and X(2)

34 :5 (Vmax 2 17:5 m s21)[(1/2)fR34].
It is tempting to use this framework in combination with

best-track data. CK22 used best-track estimates (in a region
west of 508W) of Rmax, Vmax, R34, and latitude to fit the log-
linear regression model. As a result, their model inherited
best-track biases. In particular, the reported Rmax overestima-
tion in best tracks relative to SAR (Combot et al. 2020a)
translated into an overestimation of the ratio Mmax/M34 dur-
ing the regression training, further leading to overestimated
Rmax values.

The quality of R34 best-track estimates has also already
been questioned (Sampson et al. 2017). This parameter is re-
analyzed and compiled in IBTrACS since 2004 for the North
Atlantic and northeastern Pacific Oceans and since 2016 for
the northwestern Pacific (Knaff et al. 2021). Yet, surveying
specialists who produce best tracks in the Atlantic Ocean
(Landsea and Franklin 2013) are on average much less confi-
dent in their wind radii estimates (;25%–50% of relative un-
certainty) than in their intensity estimates (;10%–20%).

In addition, best tracks may also suffer from temporal and
spatial heterogeneities (Schreck et al. 2014; Wang and Toumi
2021). Indeed, the reanalysis methodology depends on the
available data at each reanalysis time: best-track estimates of
TC events covered by aircraft data are for instance more
trustworthy (Landsea and Franklin 2013). Reanalysis is also
subjective, with individual specialists from each agency or re-
gional specialized meteorological center conducting their own
weighting of the available observations. Furthermore, best
tracks are finalized annually and are not updated with evolv-
ing reanalysis methodology, creating a temporal discontinuity
in the final IBTrACS database.

A possible limitation of the CK22 approach is the arbitrary
choice of the outer wind radius R34. Indeed, their model could
well be trained using R50 or R64. In CK22, the choice of R34

was motivated by the fact that best-track estimates of R50 and
R64 are generally more uncertain than R34 estimates. With
more-reliable R50 and R64 estimates, possibly obtained from
radiometers or scatterometers, one could assess whether using
these wind radii would improve the CK22 model.

The physical basis for wind structure relationships such as
CK22 is a long-running issue. The assumption that an outer
wind radius partly constrains the wind structure dates back to
Riehl (1963). Riehl (1963) used a two-layer conceptual model
constrained by an angular momentum conservation in the
outflow and a potential vorticity (PV) conservation in the in-
flow layer. Riehl (1963) could then derive a relationship be-
tween Rmax, Vmax, f, and an outer radius Rout, corresponding
to a distance at which the outflow velocity vanishes. Later,
Kalashnik (1994) considered the Holland parametric profile
(Holland 1980) within a theoretical framework, to analyze the
dependence of the near-core wind structure on the wind pro-
file. Emanuel and Rotunno (2011) also derived an analytical

solution for the near-core wind profile based on an assump-
tion on the outflow temperature.

While these studies offer theoretical guidance, these theoreti-
cal inferences of Rmax are difficult to apply in practice. Indeed,
most actual sensors fail to capture the wind profile shape used
in Kalashnik (1994), while the model of Emanuel and Rotunno
(2011) relies on parameters that are difficult to evaluate. Follow-
ing Riehl (1963), the theoretical outer radius Rout is unknown
and cannot be specified to correspond to a given surface wind
speed.

Building on the above considerations, the aim of this study
is twofold. First, the CK22 model is revised using SAR Rmax

estimates, different wind radii (referring hereinafter to R34,
R50, and R64) estimated on intercalibrated radiometers and
scatterometers, and intensity and latitude best-track esti-
mates. Second, the physical basis of the CK22 model is further
assessed through an examination of conservation equations
and a thorough analysis of the SAR database.

The data used in the present work are introduced in section 2
and further analyzed in section 3. Then, the CK22 model is re-
vised and its performance is assessed in section 4. The physical
basis of the model is discussed with respect to SAR observa-
tions in section 5. Concluding remarks and possible routes for
future investigations are provided in section 6.

2. Data

In the present work, different radiometer and scatterometer
data (Table 1) over the period 2010–20 were used to estimate
wind radii (R34, R50, and R64), whereas SAR data (Table 2)
were used to estimate the Rmax values required to fit the CK22
log-linear model. Furthermore, IBTrACS provided intensity
and latitude estimates (Vmax and f).

We used different radiometer and scatterometer missions to
constitute the most extensive dataset of Rmax reanalyses. These
sensors rely on different physical principles (passive or active
sensors), and have different frequencies (L band, C band, or Ku
band) and spatial resolutions. To ensure homogeneity of the
wind radii estimates, we used radiometer and scatterometer
winds intercalibrated by Portabella et al. (2022). Note that sur-
face wind speed estimates from the Cyclone Global Navigation
Satellite System (CYGNSS) do not belong to this intercali-
brated dataset. Indeed, even though a level-3 stormcentric
gridded wind speed product has recently been developed to im-
prove former CYGNSS wind speed retrievals, its capacity to
correctly inform the TC surface wind structure, especially R50

and R64, remains to be assessed and validated (Morris and Ruf
2017; Krien et al. 2018; Mayers et al. 2023).

Furthermore, a thorough analysis of this database revealed
that the wind profiles issued from Ku-band scatterometer
data barely exceed 64 kt, even for the most-intense TCs, as
shown in appendix A. Thus, we chose to remove Ku-band
scatterometers from the present analysis.

a. Radiometer missions

Because both the foam coverage and bubble surface layer thick-
ness increase with surface wind speed (Reul and Chapron 2003),
passive microwave measurements have long been known to
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display very high sensitivity under extreme wind condi-
tions. With large ;1000-km swaths, satellite-borne radio-
meters are well suited to monitor TCs. However, they have
nominally low spatial resolutions (;40 km) that generally
prevent accurate retrieval of the extreme surface wind
speeds associated with the inner core of the most-intense
TCs. The radiometer wind products used in this work are at
50-km spatial resolution with a 25-km grid spacing (Portabella
et al. 2022).

In the present study, four different sources of radiometer
data were used. Among them, the L-band (1.4 GHz; 21-cm
wavelength) radiometers from the European Space Agency
(ESA) Soil Moisture and Ocean Salinity (SMOS) mission and
the National Aeronautics and Space Administration (NASA)
Soil Moisture Active Passive (SMAP). The ability of L-band
radiometers to retrieve ocean surface wind speeds under TCs
has been discussed both in the case of SMOS (Reul et al.
2012, 2016) and SMAP (Yueh et al. 2016; Meissner et al.
2017). Reul et al. (2017) demonstrated that SMOS, SMAP,
and AMSR-2 can be used to estimate wind radii.

The Japan Aerospace Exploration Agency launched the Ad-
vanced Microwave Scanning Radiometer 2 (hereinafter AMSR-2)
on board theGlobal Change Observation Mission}Water satel-
lite in 2012. This instrument is still operating today and uses
seven different frequencies (6.93, 7.3, 10.65, 18.7, 23.8, 36.5,
and 89.0 GHz. For TCs, the first three channels (6.93, 7.3, and
10.65 GHz) are used. With two C-band channels, initially in-
tended for radio-frequency interference identification, surface
wind estimates are improved. Signals at these two C-band fre-
quencies have similar sensitivity to the sea wind speed but differ
in sensitivity to rain by approximately 12%. Accuracy of the
AMSR-2-retrieved wind speed in storms is comparable to results

obtained from SMOS and SMAP L-band sensors (Zabolotskikh
et al. 2015; Reul et al. 2017).

WindSat is a polarimetric radiometer on board Coriolis, a
mission designed by the Naval Research Laboratory and the
Air Force Research Laboratory and launched in 2003. The
sensor provided data until May 2021. This instrument operates
at five different channels (6.8, 10.7, 18.7, 23.8 and 37.0 GHz).
To minimize heavy precipitation impacts, the C-band 6.8- and
the X-band 10.7-GHz channels are used for TC wind retrieval
algorithms. Again, changes in the respective contribution of
wind and rain to the signal measured by each channel can be
used to better infer and discriminate both quantities (Klotz
and Uhlhorn 2014). Heavy precipitation is still found to com-
plicate surface wind speed retrieval with this sensor (Quilfen
et al. 2007), and more recent studies addressed this issue
(Meissner et al. 2021; Manaster et al. 2021).

b. Scatterometer missions

Scatterometers are active sensors that emit a pulse and
measure the signal backscattered by the rough ocean surface
with different viewing angles. Because backscatter signals are
dependent upon both wind speed and wind direction, ocean
surface wind vectors can be retrieved. The achieved nominal
spatial resolution (up to ;25 km) is higher than satellite-
borne radiometers. Actual scatterometers operate at different
frequencies (C band or Ku band).

The Meteorological Operational satellite program is a se-
ries of three satellites (Metop-A, -B, and -C) launched by
ESA (in 2006, 2012, and 2018, respectively) that include scat-
terometers [i.e., the Advanced Scatterometer (ASCAT)] op-
erating at 5.3 GHz (C band). With three antennas oriented at
458, 908, and 1358 with respect to the satellite track, the wind
direction can be retrieved. ASCAT instruments have two sub-
swaths, each having a width of ;550 km. At C band, the sig-
nal may be influenced by very heavy rain. Backscatter signals
also tend to saturate at high winds (Donnelly et al. 1999), and
ASCAT measurements progressively lose sensitivity under
high wind speeds (Soisuvarn et al. 2013; Polverari et al. 2022).
The ASCAT wind product used in the present study is at
25-km spatial resolution with a 12.5-km grid spacing (Stoffelen
et al. 2017; Portabella et al. 2022).

TABLE 2. The SAR data used in the present study. The period, spatial
resolution, and pixel spacing rows refer to the wind product.

SAR S1A S1B RS2

Period 2016–21 2016–21 2012–21
Spatial resolution 3 km 3 km 3 km
Pixel spacing 1 km 1 km 1 km
Frequency C band C band C band

TABLE 1. The radiometer and scatterometer data used in Portabella et al. (2022). The period, spatial resolution, and pixel spacing
rows refer to the wind product. The same data were used for the present work except that the Ku-band scatterometers were
removed from the analysis.

Radiometer SMOS SMAP AMSR-2 WindSat

Period 2010–20 2015–20 2012–20 2010–19
Spatial resolution 50 km 50 km 50 km 50 km
Pixel spacing 25 km 25 km 25 km 25 km
Frequency L band L band C band; X band C band; X band
Scatterometer ASCAT HSCAT OSCAT RSCAT
Period 2010–20 (MetOp-A) 2012–15 (HY-2A) 2010–14 (Oceansat-2) 2014–16

2012–20 (MetOp-B) 2019/20 (HY-2B) 2017–20 (Scatsat-1)
2019/20 (MetOp-C)

Spatial resolution 25 km 50 km 50 km 50 km
Pixel spacing 12.5 km 25 km 25 km 25 km
Frequency C-band Ku-band Ku-band Ku-band
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Scatterometers operating at Ku band (;13.5 GHz) usually
have larger swaths (;1000 km) than C-band scatterometers
but suffer more contamination in heavy rainfall conditions
[see Quilfen et al. (2007) for more details]. The Ku-band scat-
terometer wind products used in Portabella et al. (2022) were
finally removed (see appendix A). They include the China
National Space Administration (CNSA) Haiyang missions
(hereinafter HSCAT), the Indian Space Research Organiza-
tion (ISRO) OceanSat-2 and ScatSat-1 satellites (hereinafter
OSCAT), and the NASA RapidScat (hereinafter RSCAT) on
board the International Space Station (Table 1).

c. SAR missions

The SAR data used here come from three different mis-
sions: ESA Sentinel-1A and Sentinel-1B (hereinafter S1A and
S1B, respectively), and the Canadian Space Agency (CSA)
RADARSAT-2 (hereinafter RS2). The SAR instrument on
board these three missions is an active sensor operating at
5.4 GHz (C band). By analyzing the received signal in both
co- and cross-polarization, wind speeds can be inferred under
TC conditions including at very high wind speeds (Mouche
et al. 2017, 2019). Convincing comparisons with passive radio-
meters have been performed (Zhao et al. 2018). The ability of
SAR-derived wind speeds to accurately capture the TC ocean
surface wind structure, including Rmax, has further been dem-
onstrated and discussed by Combot et al. (2020a).

Today, SAR wide-swath acquisitions cannot be continu-
ously performed over oceans. Based on track forecasts, it is
still possible to best anticipate when the sensor will overpass a
TC, and to trigger a SAR acquisition. ESA started the Satel-
lite Hurricane Observation Campaign (SHOC) in 2016, re-
sulting in more than ;500 acquisitions over TCs. The derived
wind products (Mouche et al. 2017) are further interpolated
on a regular polar grid based on the TC center [see the appen-
dix in Vinour et al. (2021)]. The product has a 3-km spatial
resolution, with a 1-km grid spacing. This spatial resolution
approximates a 1-min wind speed as a 50 m s21 wind moves
3 km in a minute. In this study, a certain number of SAR
cases have been discarded on a qualitative basis, for example
when the detected TC center was judged to be wrong or when
the SAR file contained corrupted pixel values.

d. Best tracks

Here, IBTrACS data were used for several purposes: the
storm centers (latitude and longitude) allowed to azimuthally
average the radiometer and scatterometer wind fields, while
the wind radii (R34, R50, and R64) were compared with satel-
lite-based wind radii. Both IBTrACS latitude (to compute f)
and maximum sustained wind speed (Vmax) were used in the
CK22 framework, and the distance to closest land (from the
TC center) enabled filtering of the dataset. These parameters
were extracted for the period 2010–20.

In IBTrACS, some storm tracks are given on a 6-hourly ba-
sis, while others are interpolated and thus given on a 3-hourly
basis. To account for this varying sampling time, all tracks and
their associated parameters were interpolated on an hourly
basis with a monotonic cubic interpolation. Last, because of

varying definitions of the maximum sustained wind speed
across the different agencies, we selected only U.S. agencies
(i.e., National Hurricane Center, Joint Typhoon Warning
Center, and Central Pacific Hurricane Center), which all pro-
vide the 1-min maximum sustained wind speed.

e. Data filtering

To further restrain the analysis to well-formed systems, i.e.,
for which Rmax can be well determined from the axisymmetric
mean profile, and to best ensure consistency with CK22 for
further comparison, the following filters have been applied to
our dataset:

1) Vmax . 20 m s21,
2) Rmax , 150 km,
3) any wind radius must be . 5 km,
4) absolute latitude , 308, and
5) distance to closest land . R34.

Here and below, Vmax, Rmax, and “wind radii” refer to their
values when estimated on azimuthally averaged wind profiles
(see below). Unlike CK22, we did not apply any filter on lon-
gitude. Therefore, the method presented here applies in every
basin and does not depend on the availability of aircraft
analysis.

3. Methods and data analysis

a. Estimation of the CK22 predictors

To apply the CK22 framework to the intercalibrated data-
set of radiometer and scatterometer data, estimates of the
predictors (Vmax, R34, f) were needed for every satellite file.

For the wind radii, an azimuthally averaged wind profile was
first computed for every satellite file using the corresponding
IBTrACS center linearly interpolated to the acquisition time. For
each of the three speed values of interest (i.e., 34, 50, and 64 kt),
we then selected the radius where the outer profile matches this
value to the closest kilometer. Should there be more than one
radius value, the wind radius was defined as the smallest of the
radii. During the process, wind radii estimates are affected by
IBTrACS linearly interpolated center uncertainties. By compar-
ing SAR-based center estimates (see Vinour et al. 2021) with
IBTrACS-based center estimates over the whole SAR database,
the average uncertainty is ;13 km, largely below the radiometer
and scatterometer effective spatial resolutions.

Unlike the wind radii, Vmax and f cannot be accurately esti-
mated from radiometer and scatterometer data, especially for
intense small TCs, but both parameters are systematically reana-
lyzed in the best tracks. However, IBTrACS Vmax definition does
not strictly coincide with the axisymmetric view adopted here. In
particular, the analysis (appendix A) highlighted that Vmax esti-
mated using SAR azimuthally averaged profiles were, on average,
lower than IBTrACS Vmax. This can be modeled by applying a
linear regression (dashed gray line in appendix Fig. A1) to
IBTrACSVmax estimates. The resulting intensity estimates are de-
noted by VREG

max and were used (instead of the raw IBTrACS
Vmax) to ensure the consistency with the wind radii defined on
azimuthally averaged wind profiles. The pair of parameters
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(VREG
max , f) was then linearly interpolated to the satellite acquisition

time for every file.

b. Quality assessment of radiometer and scatterometer
wind radii estimates

To assess the quality of the satellite-based wind radii, com-
parisons were performed with IBTrACS wind radii. A strict
comparison cannot be achieved because of varying defini-
tions. In IBTrACS, wind radii are relative to the geographical
quadrants and correspond to the maximum radial extent of
the associated wind speed in each of the four quadrants. To
make IBTrACS values as close as possible to the satellite-
based wind radii, the nonzero IBTrACS values were averaged
over all the quadrants. Furthermore, both the methodologies
and the available observational data can vary across the
IBTrACS dataset. Here, the adopted strategy was to compare
the whole IBTrACS wind radii dataset (including non-U.S.
agencies for this section) to the satellite-based wind radii.
Accounting for the differences between the specialists and
agencies is beyond the scope of this study. Finally, after re-
moving the Ku-band sensors (see appendix A), we separated
radiometer wind radii from the C-band scatterometer wind
radii to further investigate possible discrepancies between
the remaining sensors.

Figure 2 shows a comparison between radiometer wind ra-
dii and IBTrACS values (top) and their corresponding distri-
butions (bottom). While radiometer wind radii look well
correlated with IBTrACS values, with R2-scores ranging from
0.4 to 0.5, large discrepancies arise, with a residual standard
deviation (RSD) as high as 56.7 km for R34. The RSD de-
creases to 37.3 km for R50, and further to 24.1 km for R64, re-
flecting the decrease of the mean wind radius, that is, from
181 km for R34 to 51 km for R64 in IBTrACS. In terms of

relative uncertainties, this leads to ;31%, ;36%, and ;41%
for R34, R50, and R64, respectively. Interestingly, the mean er-
ror (ME) is negative for both R34 and R50, showing that, on
average, these wind radii are lower when extracted from azi-
muthally averaged radiometer profiles than from IBTrACS.
This is likely the result of the differing definition of the wind
radii in the satellite data and in IBTrACS. Indeed, on aver-
age, a wind radius extracted from an azimuthally averaged
profile is expected to be smaller than the maximum radial
extent of the same wind speed. Biases due to the differing
definition are lower for R50 and R64 than for R34, because
these radii are smaller on average. This definition effect is
illustrated on the distribution for R34, where the radiometer
R34 distribution is biased toward lower values relative to
IBTrACS.

Figure 3 shows comparisons between C-band scatterometer
wind radii and IBTrACS values. Again, an overall consistency
emerges between both data sources for all wind radii. RSD
values and R2 scores are comparable to the previous compari-
sons between radiometer and IBTrACS. Data and methodol-
ogy are thus consistent with IBTrACS (which is expected
since radiometer and scatterometer data are often used dur-
ing the reanalysis process), but it also shows that there is a
good consistency between the various sensors in terms of
wind radii.

For R64, the ME is slightly positive for both radiometer and
scatterometer data (Figs. 2c and 3c), with a distribution of R64

skewed toward higher values for the satellite data relative to
IBTrACS. First, this could be attributed to satellite data limi-
tations, such as low spatial resolution, signal saturation, or
rain contamination. Yet, Fig. 4 offers a different explanation.
It again shows comparisons between scatterometer wind radii
and IBTrACS values, but only over the 3-yr period from 2018

FIG. 2. (top) Comparison between radiometer (y axis) and corresponding IBTrACS (x axis) wind radii [coefficient of determination R2,
mean error (ME), and residual standard deviation (RSD) are displayed at the bottom left of each panel] and (bottom) corresponding dis-
tributions and averages, shown for (a) R34, (b) R50, and (c) R64.
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to 2020. For such a period, the computed ME for R64 is only
1.5 km (Fig. 4c) and the RSD drops to 19.4 km (as compared
with 24.1 km for 2010–20). Consistency between scatterome-
ter and IBTrACS also improves for both R34 and R50 over the
same period (Figs. 4a,b). The positive ME for R64 in Fig. 3
likely corresponds to the improving quality of IBTrACS over
the years. As mentioned in section 1, wind-radii best-track
values were not necessarily reanalyzed depending on the year
and the basin. Similar conclusions were obtained with radiom-
eter data (not shown).

To summarize, the comparison between IBTrACS and
the intercalibrated dataset shows that radiometers and

scatterometers provide reliable wind radii estimates. Thus,
for every radiometer or scatterometer acquisition, we can
extract a corresponding set of predictors constituted by a
satellite-based wind radius along with IBTrACS VREG

max and
f estimates.

c. Collocations of radiometers and scatterometers
with SAR

To fit the CK22 model, we also needed an estimate of
the predictand Rmax for each set of predictors. The latter
cannot be directly evaluated from radiometer and scattero-
meter data but is well observed on SAR data by taking the

FIG. 3. As in Fig. 2, but for the C-band scatterometer wind radii.

FIG. 4. As in Fig. 3, but only for the 3-yr period 2018–20.
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location of the wind profile maximum. Thus, we looked for
collocations between SAR and radiometer or scatterometer
TC overpasses. Two images were considered to be collo-
cated if their absolute acquisition time difference is less
than 90 min.

For radiometer data (Table 3, first four columns), this pro-
cedure resulted in a total of 269 collocations, which further
reduced to 145 collocations after applying filters presented in
section 2e. Notably, no collocation was found between any of
the 3 SAR missions (S1A, S1B, and RS2) and AMSR-2. The
average absolute time difference of the found collocations is
;19 min, during which we assume the TC wind structure to
remain stationary.

For scatterometer data, no collocation was found between
SAR and ASCAT (Table 3, penultimate column). In what fol-
lows, we thus refer to the dataset obtained by this collocation
procedure as the “SAR–radiometer collocation dataset.” It con-
sists of predictors estimated on radiometer data (wind radii) or
corresponding IBTrACS values (VREG

max and f), and predictands
estimated on SAR (Rmax). Note that we could equally have
used SAR wind radii estimates to fit the CK22 model, but this
approach would have reduced the number of available wind
radii estimates because SAR instruments have smaller swaths
than do radiometers.

4. Results

a. Fitting CK22 model

As explained in the introduction, the CK22 model relies on
the estimation of the ratio Mmax/M34 via a log-linear regres-
sion model, using [X(1)

34 , X
(2)
34 ] as input. Although CK22 used

R34 in their study, this method is in fact agnostic to the choice
of wind radius. Therefore, the ratio Mmax/M50 can also be esti-

mated using X(1)
50 :5 Vmax 2 25:7 m s21 and X(2)

50 :5 (Vmax 2

25:7 m s21)[(1/2)fR50] as input {or Mmax/M64 using X(1)
64 :5

Vmax 2 32:9 m s21 and X(2)
64 :5 (Vmax 2 32:9 m s21)[(1/2)fR64]

as input}.
CK22 estimated the coefficients of the log-linear regression

model based solely on IBTrACS rather than direct observa-
tional estimates, and only for the ratio Mmax/M34. In the pre-
sent work, we use observational data not only to obtain
improved estimates of the predictors in the CK22 model
framework, but also to obtain improved estimates of the
model coefficients that relate the parameters to one another.
We also extend the CK22 model for the ratios Mmax/M50 and
Mmax/M64. A log-linear regression model was fitted for each
of the three ratios using the SAR-radiometer collocation da-
taset previously presented. The following relationships were
obtained:

Mmax/M34 5 0:531 exp{20:002 14(VREG
max 2 17:5 m s21)

2 0:003 14(VREG
max 2 17:5 m s21)[(1/2)fR34]}, (3)

Mmax/M50 5 0:626 exp{0:002 82(VREG
max 2 25:7 m s21)

2 0:007 24(VREG
max 2 25:7 m s21)[(1/2)fR50]}, and

(4)

Mmax/M64 5 0:612 exp{0:009 46(VREG
max 2 32:9 m s21)

2 0:011 83(VREG
max 2 32:9 m s21)[(1/2)fR64]}: (5)

With these formulas, Rmax can then be estimated using the
steps presented in the introduction [Eq. (2)]. Subsequent esti-
mates will be referred to as RCK222R34

max , RCK222R50
max , or RCK222R64

max

depending on which wind radius is used.

b. Assessment of the resulting Rmax estimates

To check the fitting procedure, we compared R
CK222R34
max esti-

mates and SAR Rmax references (Fig. 5a). The consistency be-
tween both is reasonably good, with a R2-score of 0.41 and an
RSD of 10.6 km. A low ME of 3.7 km is observed, which can
be related to the distribution of RCK222R34

max being slightly
skewed toward higher Rmax values relative to SAR.

Because R50 and R64 are closer to Rmax than R34, using one or
the other wind radii thresholds should improve the quality of
the ratio estimate relative to R34. Ideally, an estimate of Rmax

should be performed with R64 if available. If R64 is not defined
(i.e., if Vmax is less than 33 m s21), R50 should be used. R34

should only be used if both R64 and R50 were not defined. Fol-
lowing this procedure, we further estimated Rmax using the
“best” available wind radius.

Figure 5b shows a comparison between these estimates (here-
inafter RCK222BR

max ) and SAR Rmax references. The R2-score in-
creased to 0.63 and the ME decreased to 0.9 km in comparison
with the R

CK222R34
max methodology, and RSD decreased from 10.6

to 8.8 km. Therefore, use of wind radii closer to Rmax does im-
prove the estimate quality. In addition, such a low RSD demon-
strates the efficiency of the fitted CK22 relationships [Eqs. (3)–(5)]
to provide reliableRmax estimates.

In their paper, the Rmax predicted by CK22 had a system-
atic bias that could be bias adjusted in postprocessing to im-
prove the model. Here we find that our model does not
require a bias adjustment, which may be an indication of the
benefit of using direct observational data for Rmax (SAR).

While the method is successful on average, it is remarkable
that errors can be large (more than ;10 km), even for cases
where R64 predictors are used (see for instance Kong-Rey and
Mangkhut in Fig. 5b). Before discussing how to explain these
large uncertainties, a single TC life cycle was chosen to illus-
trate the potential of the present methodology.

TABLE 3. Number of collocations between SAR and the intercalibrated dataset (radiometer and ASCAT), and corresponding
average absolute time difference.

SMOS SMAP AMSR-2 WindSat ASCAT TOTAL

Before filtering 106 63 0 100 0 269
After filtering 67 33 0 45 0 145
Avg Dt (min) 12 21 31 19
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c. Application to TC Kilo life cycle

Producing RCK222BR
max estimates every time a radiometer or a

scatterometer TC overpass is available can be an efficient tool
for characterizing the time evolution of Rmax for any given
TC. Figure 6 shows TC Kilo Rmax and VREG

max time series be-
tween 27 August and 10 September 2015, a period over which
VREG

max was larger than 20 m s21. TC Kilo evolved in the Pacific
Ocean, reaching category 4 on the Saffir–Simpson scale. It in-
tensified from 20 to 49 m s21 between 27 August and 30 August
before entering a weakening phase. In the meantime, Rmax first
varied between 55 and 15 km according to IBTrACS, then
stagnated at 37 km between 30 August and 2 September, be-
fore varying again after these dates. Stagnation phases of
Rmax from IBTrACS are likely not physical according to the
VREG

max variations during that time interval (see section 5) and
the two eyewall replacement cycles (ERCs) suggested by
passive microwave observations (not shown). The RCK222BR

max

estimates show much more pronounced variations during
those phases, with an increasing trend between 30 August
and 8 September. This particular phase corresponds to an
overall decrease of VREG

max and an overall increase of R64 in
our data (not shown), both of which would be expected to
be associated with an increase in Rmax.

For reference, three SAR Rmax estimates were available
during TC Kilo’s life cycle (green stars). The first SAR Rmax

(10 km) on 27 August does not match with our first estimate
of Rmax (35 km). This illustrates the limitations of our pro-
posed methodology and is discussed herein. The second and
third SAR Rmax estimates are in better agreement with the
RCK222BR

max estimates, especially if we account for the overall
Rmax trend given by our estimates. A large eye is also depicted
in passive microwave data during this period (not shown),
supporting the robustness of the RCK222BR

max estimates.
Notably, there is more spread in the CK22 estimates on the

last two days of the study period. Despite this increasing un-
certainty, the increase of Rmax is well depicted, suggesting
Rmax would significantly increase before 8 September in con-
tradiction with the IBTrACS trend.

In summary, every time a radiometer or scatterometer
wind profile is available, a subsequent RCK222BR

max estimate can
be obtained, using the proposed objective method. In such a
way, one can estimate Rmax trends that are more realistic than
IBTrACS, less impacted from spatial or temporal heterogene-
ities. Such a framework could also be used operationally.

5. Discussion

The previous section demonstrated the potential of the
CK22 model fitted with SAR, when used in combination with
intercalibrated medium-resolution radiometer and scatterom-
eter data. Still, RCK222BR

max estimates can display rather large

FIG. 5. (top) Comparison between Rmax estimates using the CK22 model and SAR Rmax and (bottom) correspond-
ing distributions for (a) RCK222R34

max and (b) RCK222BR
max . For analysis purposes, color reveals which radius was used to

define RCK222BR
max for each case.
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uncertainties, despite the expected improved use of R64 as
predictor. To better understand the sources of such uncertain-
ties, three other case studies (cyan circles on Fig. 5a) were
considered before examining theoretical aspects and drawing
a picture of the average situation.

a. Case studies from the SAR-radiometer dataset

The first case (Fig. 7, left column) is TC Olivia in 2018, an
eastern Pacific Ocean hurricane that reached category 4 on
the Saffir–Simpson scale. It reached a first intensity peak
(;56 m s21) on 5 September, then weakened before re-
strengthening (;59 m s21) during the night between 6 and
7 September. On 8 September, both RS2 at 1510 UTC and
WindSat at 1533 UTC overflew Olivia (Figs. 7a,d). Its eyewall,
depicted by the high-resolution SAR observation, was clearly
defined though asymmetric. With its rather low spatial resolu-
tion, the radiometer failed to map the inner core areas with
high wind speed gradients, and eyewall asymmetries. These dif-
ferences between SAR and radiometer two-dimensional obser-
vations translate into differences in the azimuthally averaged
wind profiles. From the SAR wind profile, Olivia’s Rmax was
30 km at that time, with a Vmax of 32 m s21 (Fig. 7g). Notably,
WindSat failed to estimate Vmax correctly, with a negative bias of
almost 10 m s21 when compared with SAR Vmax and VREG

max ,
which are in good agreement at that time. This bias is largely at-
tributable to sensor spatial averaging effects. In fact, the entire
azimuthally averaged wind profile is negatively biased, leading
to an underestimation of R34, further reflected in RCK222BR

max . This
case illustrates how wind radii uncertainties translate into
RCK222BR

max uncertainties. Note that in other cases uncertainties
on VREG

max could also affect RCK222BR
max uncertainties.

The second case (Fig. 7, middle column), Mangkhut, was a
super typhoon (category 5 on Saffir–Simpson scale), causing
considerable damage in the western Pacific region in 2018.
It reached its peak intensity (;80 m s21) on 12 September.
On 11 September, both S1B at 2048 UTC and WindSat at
2126 UTC overflew Mangkhut (Figs. 7b,e). According to the
SAR observation, Mangkhut had a clearly defined symmetric
eyewall at that time. Note that the eyebrow shape in the high
winds to the left of the eyewall (Fig. 7b) is probably due to
rain contamination [for discussion about such a feature see
Mouche et al. (2019)]. The extent of high winds was seemingly
well captured by the radiometer sensor, but the eye was not re-
solved. Nevertheless, a very good agreement between S1B and
WindSat wind outer-profiles is obtained for this case (Fig. 7h),
with only ;3-km difference between R64 estimates from the two
sensors. Still, the estimate given by RCK222BR

max (;30 km) largely
overestimates the actual SAR Rmax (;20 km). Note that in this
case the clear eye depicted by infrared data and the ring captured
by passive microwave sensors are both small (not shown), sup-
porting the small SARRmax estimate. With its largeR64 and small
Rmax at that time, Mangkhut illustrates the high variability that
occurs in nature. Such a case is likely to depart from any statisti-
cal relationship (like CK22) that links a wind radius toRmax.

The last case study (Fig. 7, right column), Kong-Rey, in 2018,
was a super typhoon reaching category 5 on the Saffir–Simpson
scale, also evolving over the western North Pacific Ocean. Fol-
lowing an;72 m s21 peak intensity on 2 October Kong-Rey ex-
perienced an ERC and entered its weakening phase. Kong-Rey
was captured on 2 October by both S1A at 2111 UTC and
SMAP at 2133 UTC (Figs. 7c,f). The SAR observation depicts
a well-defined symmetric eyewall, with a secondary ring of

FIG. 6. TC Kilo (2015) time series of IBTrACS Rmax (left axis; dashed blue), radiometer- and
scatterometer-based RCK222BR

max (left axis; dashed black), along with IBTrACS-based VREG
max (right

axis; solid brown). Also displayed are radiometer (squares) and scatterometer (circles) RCK222BR
max

estimates (color reveals which radius was used to define RCK222BR
max for each observation), and

SAR Rmax estimates (green stars). The dashed black line was obtained by applying a support
vector regression to the radiometer- and scatterometer-based RCK222BR

max estimates.
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maximum winds farther out from the TC center. In fact,
Kong-Rey exhibited two eyewalls in 89-GHz imagery at this
time (not shown). These two high wind regions were not
well captured by the radiometer. The radiometer wind pro-
file saturates in the 80-km inner-part of the TC, while the
SAR wind profile exhibits two wind speed local maxima
(Fig. 7i). Despite the inability of the radiometer sensor to
capture the dual wind maxima observed at this time, the
outer parts of the azimuthally averaged wind profiles match
well, both yielding an R64 estimate of ;128 km. However,
RCK222BR

max is 42 km, far from the 14 km of SAR Rmax. Note,
however, that RCK222BR

max lies between the two SAR wind
maxima. The complex shape of Kong-Rey during its ERC is
the main cause to explain such a huge discrepancy. Indeed,

the R64 estimate is pushed to an outer radius due to the exis-
tence of secondary wind maxima.

b. Structural aspects

From these examples, we see that neither the use of high-
quality data (SAR) to train the algorithm nor the use of a radius
that is very close to Rmax (i.e., R64) precludes large uncertainties
of Rmax estimates using the CK22 framework. Underlying
CK22, the use of an outer wind radius (e.g., R34

1) to estimate
Rmax is justified by the angular momentum conservation

FIG. 7. Comparison of (a)–(c) SAR and (d)–(f) radiometer wind fields (TCs are translating toward the top of each panel), along with
(g)–(i) corresponding wind profiles, for (left) Olivia, (center) Mangkhut, and (right) Kong-Rey.

1 In this section we chose R34 as outer wind radius for clarity,
but the reasoning well applies to any other wind radius (e.g R50
andR64).
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principle: an air parcel, advected from the outer radii to the in-
nermost radii, must lose angular momentum due to surface fric-
tion. The ratio Mmax/M34 thus represents the ability for an air
parcel to keep its angular momentum while being advected
from R34 to Rmax. In the log-linear framework, this ratio solely
depends on Vmax, R34, and f.

The use of these three parameters to estimate Mmax/M34 was
discussed in Chavas et al. (2015) and Chavas and Lin (2016). In
these studies, the ability of a radial parametric wind profile
to represent the variability of observational data was tested.
In brief, the radial parametric profile geometrically merges an
inner-part profile with an outer-part profile, previously anti-
cipated from theoretical studies (Emanuel and Rotunno 2011;
Emanuel 2004). Chavas and Lin (2016) concluded that the ratio
Mmax/M0 between the angular momentum at Rmax and at an
outer radius R0 solely depends on four parameters: Vmax, fR0,
Ck/Cd, and Wcool/Cd, where Ck and Cd are the heat and mo-
mentum exchange coefficients and Wcool models the radiative-
subsidence rate in the free troposphere of the outer-part
model. Considering R0 5 R34, a log-linear dependence of
Mmax/M34 on (Vmax, R34, f) thus neglects the variations of both
Ck/Cd andWcool/Cd.

Besides, the axisymmetric and steady-state theory of Emanuel
and Rotunno (2011) invokes a direct relationship between
Mmax/M34 and Ck/Cd that can be stated as

Mmax

M34
5 p

Ck

Cd

( )
, (6)

with p(x) :5 [(1/2)x]1/(22x) being a monotonically increasing
function [see their Eq. (38)]. This relationship assumes the TC is
in steady-state and the Richardson number in the outflow is
slightly below 1. The latter implies the outflow is self-stratified

by small-scale turbulence. Using numerical simulations that re-
solved convection, Emanuel and Rotunno (2011) showed that
such an assumption was satisfied in an outflow region near Rmax.
This assumption might then not hold true farther out. Chavas
et al. (2015) suggested that the optimal merging radius between
the inner and outer part of the model was;2–3Rmax when fitting
the complete parametric profile to observational data. While not
strictly corresponding to the region where the theoretical devel-
opments of Emanuel and Rotunno (2011) could remain valid, it
identifies the region where the inner part of the model is most
likely to apply to the observations.

When writing Eq. (6), one assumes that the model of
Emanuel and Rotunno (2011) is still valid at R34, which
largely exceeds 3Rmax in nature. This might be a strong ap-
proximation, but it offers an instructive relationship between
the rate of conservation of angular momentum (left-hand
side) to a function of Ck/Cd, characterizing the balance be-
tween energy generation and friction loss (right-hand side).
Most important, Ck/Cd controls the shape of the parametric
radial wind profile, with higher values corresponding to more
peaked profiles. In practice, unlike Ck/Cd values, this shape of
the near-peak radial wind profile is more easily quantifiable
using SAR data.

To highlight these considerations, we present TC cases that
have the same CK22 predictors (Vmax, R64, and f) but differ-
ent wind profile shapes near their peak intensities. Figure 8 is
representative of such a situation. SAR acquisitions over TC
Rammasun (western Pacific; red curve) and TC Marie (east-
ern Pacific; blue curve), occurred at 1027 UTC 17 July 2014
and at 1419 UTC 3 October 2020, respectively. Both storms
display similar outer-core profiles, with almost the same R64

(;52 and ;49 km), Vmax (;42 and ;43 m s21) and f (;4.3
and ;4.6 s21). Applying CK22 to these cases (vertical dashed

FIG. 8. SAR wind profiles for Rammasun (solid red) and Marie (solid blue) and associated
Holland best-fit profiles (dotted curves) fitted on 0# r# 500 km.
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lines) thus leads to almost the same RCK222BR
max value (;25 and

;22 km). However, SAR-derived wind profiles provide dif-
ferent estimates, Rmax (;34 and;24 km, respectively).

Comprehensively, the CK22 model cannot fully adjust to pe-
culiar local wind profiles. To quantify the wind profile shapes, a
Holland parametric profile (Holland 1980) was adjusted to each
SAR azimuthally averaged wind profile:

VHolland(r) 5 Vmin 1

�����������������������������������������������������
(Vmax 2 Vmin)2

Rmax

r

( )B
e12(Rmax /r)B 1

rf
2

( )2√

2
rf
2
: (7)

This parametric formulation is useful to quantify variations in
the shape of observed wind profiles. In particular, the empiri-
cal B parameter controls the rate of radial decay of the tan-
gential winds, with higher and smaller values respectively
corresponding to narrower and broader vortices. In addition,
this parameter was found to be sensitive to TC intensity and
size while independent of Rmax (Knaff et al. 2011).

Note that Holland’s profiles were designed for gradient-
level wind and are not necessarily suited for surface wind pro-
files with nonzero wind speeds at the TC center, well captured
using SAR observations. A complementary degree of free-
dom Vmin was thus included in Eq. (7) to cope with the exis-
tence of nonzero minimum wind speeds.

Using the full extent of the wind profile, a solution for Vmin,
Vmax, Rmax, and B can be estimated via least squares. Applied
to TCs Rammasun and Maria, the fitting procedure results in
two different B values, ;2.1 and ;1.7, respectively (Fig. 8).
Such a difference quantifies the remaining variability of
the near-core wind profile for comparable outer-core wind
profiles.

c. Analysis framework

The shape of the near-core wind profile is generally associ-
ated with the radial gradient of absolute angular momentum
and thus the loss of angular momentum when an air parcel is
advected from R34 to Rmax. To guide the analysis, we recall the
equation of angular momentum conservation for an axisym-
metric vortex:

­M
­t

1 u
­M
­r

1 w
­M
­z

5
r
r

­tuz
­z

, (8)

with u and w as the radial and vertical velocities, respectively;
tuz is a tangential stress component; and r is the density. The
continuity equation links u and w as

1
r
­(ru)
­r

1
­w
­z

5 0: (9)

Under steady state condition, Eq. (8) can be integrated from
the surface to a boundary layer height, h, where the stress
vanishes:

�h

0
u
­M
­r

dz 1

�h

0
w
­M
­z

dz 52
rtus
r

52CdrV
2, (10)

with tus ’ CdrV
2 the surface stress, Cd a drag coefficient

and V is the tangential surface wind component. Assuming
w(z 5 0) 5 0 and the use of the continuity equation [Eq. (9)],
the second term of the left-hand side in Eq. (10) is integrated by
parts, following developments presented by Kalashnik (1994),
to obtain�h

0
u
­M
­r

dz 1 (wM)|z5h 1

�h

0

M
r
­(ru)
­r

dz 52CdrV
2: (11)

Grouping the two integrals yields

1
r
d
dr

r
�h

0
uM dz

( )
1 (wM)|z5h 52CdrV

2: (12)

Defining u :5 (1/h)�h
0
u dz we can approximate the integral�h

0 uM dz’ huM|z5h and rewrite the continuity equation
w|z5h 52[(h/r)(d/dr)(ru)]. Rearrangement finally yields

rV2 ’2
hu
Cd

dM
dr

, (13)

where dM/dr is the radial gradient of absolute angular mo-
mentum at the top of the boundary layer. Assuming the latter
is closely related to its value at the surface, Eq. (13) then ex-
plicitly links the shape of the wind profile dM/dr to rV2.

Using SAR measurements, both quantities can be accu-
rately estimated and the validity of Eq. (13) can be assessed.
Figure 9a represents RmaxV

2
max (y axis) as a function of R34V

2
34

(x axis) and colored by the fitted B values.2 On average}that
is, B ≃ 1.8}a relationship emerges when comparing RmaxV

2
max

and R34V
2
34. Departures from a one-to-one relationship, related

to conservation of the rV2 parameter, are seemingly well ex-
plained by B values. Large B, corresponding to very peaked
wind profiles near Vmax, leads to larger RmaxV

2
max for a given

R34V
2
34. For broader wind profiles, corresponding to smaller B,

smaller RmaxV
2
max are generally found.

Moreover, the space spanned in the (R34V
2
34, RmaxV

2
max)

plane is still apparently large, even at constant B. From
Eq. (13), this increased variability is possibly associated with
the factor hu/Cd. Overall, these results suggest that the vari-
ability encountered in nature does not solely depend on the
three predictors (Vmax, R34, and f).

To further illustrate this diagnosis, Fig. 9b displays the
same (R34V

2
34, RmaxV

2
max) plane, but using the radiometer and

scatterometer database, and corresponding VREG
max , R34, and

RCK222BR
max estimates. As expected, the variability captured

by using R34 or R50 to estimate Rmax via CK22 is poor. While
using R64 increases this variability, the overall spread is re-
duced relative to Fig. 9a, suggesting that the variability of
the wind profile shapes associated with the RCK222BR

max esti-
mates is low.

Note that the average situation rV2 ’ constant that is de-
picted in our study because of the SAR database has already

2 Here B, as a scalar value, was used instead of a criterion based
on dM/dr to describe the shape of the wind profile.
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been discussed by Riehl (1963) when he argued that PV is con-
served within the inflow layer. The PV conservation implies
that the vertical component of the curl of the frictional
force is zero, or

r
r

­tuz
­z

5 constant: (14)

Integrating this equation over the boundary layer height
yields (assuming constant density)

rtus
r

5 CdrV
2 5 constant: (15)

Thus, for a constant or slowly varying drag coefficient Cd,
PV conservation leads to rV2 ’ constant (Riehl 1963).
Mentioned above, such a relationship is, on average, consis-
tent with the SAR estimates. However, for this relationship,
the only source of variability comes from Cd. From arguments
raised above [Eq. (13)], h and u should also be further
considered.

Last, one limitation of our observational analysis is that
SAR Vmax is an estimate of the maximum total wind speed
rather than the maximum tangential wind speed. Knowing
how the total wind speed is distributed between its tangential
and radial component near the eyewall region would allow to
better estimate the impact of u on PV conservation and its
variability.

d. Comparison of RCK222BR
max with existing Rmax estimates

With these results in mind, we assessed how much RCK222BR
max

estimates improved existing Rmax estimates. Figure 10 displays
density contours of (Vmax, Rmax) joint distributions using
IBTrACSRmax (dashed blue) orRCK222BR

max estimates (solid black).

For comparison, the same density contours are shaded for the
SAR dataset (green).

We remind readers that SAR wide-swath acquisitions cannot
be continuously performed over the ocean. As a consequence,
not only does the SAR dataset contain much fewer cases, it is
also biased toward higher intensities. Indeed, acquisition orders
are most often requested to observe higher intensity systems.
Thus, for the lowest Vmax (less than ;30 m s21), possible incon-
sistencies in Rmax densities arise when comparing SAR to radi-
ometer and scatterometer or IBTrACS. The density contours
suggest that both IBTrACS Rmax and RCK222BR

max estimates are
larger than SAR Rmax, while, in fact, this is just a consequence of
the lack of SAR data at these intensities.

Nevertheless, and more importantly for high surface winds,
discrepancies in Rmax densities are observed. Indeed, on aver-
age IBTrACS density contours are centered on a higher Rmax

(;30 km) than SAR (progressively decreasing to ;20 km).
Confirming the efficacy of the revised model, radiometer-
and scatterometer-based density contours display an average
RCK222BR

max (;20 km) that is consistent with SAR Rmax.
Depicted by the Rmax density curves (right panel), for low
Rmax, IBTrACS density is lower than both SAR and RCK222BR

max

values.
For further comparison, we computed Rmax estimates from

R34 on the radiometer and scatterometer data using Eq. (7) of
Chavas and Knaff (2022). The corresponding density curve
(dotted red) shows only a minor improvement relative to IB-
TrACS at low Rmax.

Last, the density contours of the radiometer and scatterometer
dataset with RCK222BR

max span a larger space than IBTrACS in the
(Vmax, Rmax) plane (cf. for instance the 20% contours in Fig. 10,
i.e., the black and blue outermost contours). This shows that the
former captures more variability than best-track data. This is

FIG. 9. Evaluation of the PV conservation assumption (a) in the SAR dataset and (b) for Kilo’s life cycle using R34 estimated on radiom-
eter and scatterometer data along with corresponding RCK222BR

max estimates and VREG
max . The three SAR cases (green stars) are also displayed

for reference in (b).
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likely due to the use of R64 in the regression, a result already sug-
gested by Fig. 9b. Even though the datasets do not have the same
Vmax distributions, Fig. 10 also suggests that the radiometer and
scatterometer density contours span less space than SAR obser-
vations in the (Vmax, Rmax) plane. While this is consistent with the
above analysis, more SAR cases are needed to properly interpret
Fig. 10.

6. Conclusions and perspectives

Understanding TC intensity changes certainly remains an
observationally challenging problem. As expressed during the
Tenth International Workshop on Tropical Cyclones (IWTC-10,
recommendation 4), both the operational and research com-
munities recognize the need for more homogeneous and stan-
dardized datasets for TC wind structure parameters, such as
Rmax and the wind radii. The fact that R34 was not systemati-
cally reanalyzed in all basins, and that Rmax is still not reana-
lyzed today (best-track Rmax value typically stems from its
operational estimate) hampers the consolidation of such a
dataset. Systematic and standardized wind radii are needed
when using, and further improving, a semiempirical model
such as CK22. Although satellite sensors have their limi-
tations, especially regarding the intercalibration of different

missions and sensors, resulting multimodal observations shall
serve for such a systematic and global approach, at least for
wind radii estimation.

More specifically and because of high-resolution (SAR)
data, it is now possible to more systematically estimate Rmax.
Fitted with SAR estimates and used in conjunction with the
closest wind radius to Rmax, our study proposed a revised
CK22 model. It is shown to be an efficient tool to provide im-
proved reliable estimates, with an average uncertainty of
;9 km. Because outer-core wind radii can be estimated from
radiometer or C-band scatterometer data, the developed
framework thus allows to produce a more extensive dataset of
reanalyzed Rmax estimates. The resulting time series are gen-
erally more realistic than those obtained from best-track Rmax

estimates. The method can also be used to provide opera-
tional guidance on the location of the maximum intensity ev-
ery time a radiometer or C-band scatterometer overflies the
TC, as long as its intensity and location are also estimated,
noting that such estimates are routinely available from opera-
tional centers. In fact, the developed framework is relevant to
any situation where Vmax and an outer size are known and
Rmax is biased or unknown. This includes low-resolution weather
and climate modeling applications where the outer core (i.e.,
near R34) is better resolved than the inner core (i.e., near Rmax),

FIG. 10. Density contours of (Vmax, Rmax) joint distribution for the SAR dataset (shaded green; Vmax is based on
IBTrACS), for the dataset based upon radiometers and scatterometers with RCK222BR

max (solid black) and based on cor-
responding IBTrACS Rmax values (dashed blue). All contours correspond to isoproportions (with 20% increments;
see the black contour labels) in density obtained by two-dimensional Gaussian kernel density estimation. For instance,
the area outside the 80% contour contains 80% of the probability mass. To the right, the corresponding Rmax density
curves are displayed, along with Rmax estimates obtained by applying Eq. (7) of Chavas and Knaff (2022) to the radi-
ometer- and scatterometer-based dataset (dotted red).
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and risk modeling with synthetic TCs (Gori et al. 2022) where
Vmax and an outer size are commonly used as input, while Rmax

must be predicted in conjunction with a wind profile model. The
proposed method could also be used to guide the best-tracking
process when no reliableRmax observation is available.

The efficacy of the semiempirical CK22 model stems from fun-
damental conservation principles. Indeed, the high-resolution
SAR database highlights that TCs, on average, conserve their
PV, with a resulting approximation rV2 ’ constant. Accordingly,
the use of CK22 to retrieve Rmax, based on an outer-radius wind
observation coupled with an intensity estimate is, on average, jus-
tified. Single cases can still depart considerably from the PV con-
servation assumption, especially those at very high intensity
(Vmax) or with large inner (Rmax) or outer (R34) size. In addition,
to first order, those deviations are well explained by variations of
the observed wind profile shapes.

While the use of R64 can account for some of the deviations
due to the radial gradient of absolute angular momentum, the
CK22 model seems to fail to capture the remaining variability
observed in the SAR database. Large variability is apparently
still occurring near the TC core. To further advance our un-
derstanding, there continues to be a need for spaceborne
SAR and airborne SFMR sensors as these are the only tools
that resolve surface winds in this area. Both sensors however
suffer from a lack of spatiotemporal sampling, and airborne
measurements suffer from a lack of azimuthal coverage. The
future is bright with the recently launched RADARSAT Con-
stellation Mission (RCM) operated by CSA, which should im-
prove the satellite SAR spatiotemporal sampling. RCM has
already proved useful by providing significantly more Rmax

estimates than anticipated for the 2022/23 season. Also, increas-
ing the number of available SAR cases will certainly allow us
to better understand how absolute angular momentum gra-
dients are constrained in the near-core region. Objective esti-
mates of TC eye sizes or core sizes at intermediate levels are
also routinely performed with spaceborne infrared or passive
microwave data (Knapp et al. 2018; Cossuth 2014). While
such information may complement SAR or SFMR surface ob-
servations in a multimodal approach, there still is a need to
better understand how they relate to the TC wind structure.

Furthermore, the integrated equations show that both the
boundary layer depth h, the average radial inflow u, and the
drag Cd also impact the relationship between PV conservation
and the near-core wind profile shape. While the Cd behavior un-
der very high winds is still actively debated (Powell et al. 2003;
Bell et al. 2012; Donelan 2018; Curcic and Haus 2020), measure-
ments of both h and u may be facilitated by the Doppler-based
motions derived from the Imaging Wind and Rain Airborne
Profiler (IWRAP) instrument (Sapp et al. 2022). For the radial
inflow, improved estimates at the surface, in the near-core re-
gion, shall be made possible with the future Harmony mission
(ESA 2022), the ESA Earth Explorer 10. This mission will aug-
ment Sentinel-1D observations with two satellite companions,
providing azimuth diversity from these bistatic observations. In
addition, the Second Generation Meteorological Operational
satellite program (Metop-SG) will operate in both co- and
cross-polarization. Unlike the current spaceborne instruments,
ASCAT, which have only co-polarization measurements, the

higher sensitivity of cross-polarized signals to ocean breaking
waves may thus improve the ocean surface wind vectors mea-
sured by scatterometers, approaching the TC core regions.
Also, the coming Copernicus Imaging Microwave Radiometer
(CIMR) promises to offer large swath with improved resolution,
low uncertainty observation capabilities, combining L-, C-, and
X-band frequencies. The presence of 1.4 GHz L-band channel
on board CIMR will open up the possibility to further interpret
the high-resolution C- and X-band measurements, to provide
improved surface wind vector estimates under extreme condi-
tions (Kilic et al. 2018).

In the absence of high-resolution observations, the shape of the
near-core wind profile may also be indirectly estimated. Given the
relation rV2 ’ constant under a steady-state assumption, a depar-
ture from this relation can help one to understand the temporal
variations of absolute angular momentum. Estimates of these
temporal variations may then be used to evaluate how much the
near-core wind profile shape departs from the average relation-
ship. The wind profile shape is also linked to the drag coefficient
[see for instance the steady-state view of Emanuel and Rotunno
(2011)], which modulates asymmetries in the boundary layer re-
sponse (Shapiro 1983; Kepert 2001). Asymmetries possibly cap-
tured by medium- or low-resolution observations (scatterometers
or radiometers), may thus help to infer boundary layer frictional
drag terms and to quantify the resulting shape of the wind profile.
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APPENDIX A

Scatterometer Wind Speed Estimates

As explained in section 2, the wind speed estimates from dif-
ferent radiometer and scatterometer sensors have been interca-
librated prior to our study. During this process, the C-band
ASCAT missions were calibrated using a 25-km resolution,
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while the Ku-band scatterometer sensors were calibrated using
a 50-km resolution. Spatial resolution was already demon-
strated to impact how well TCs intensities are resolved in nu-
merical models (Davis 2018) and observations (Quilfen et al.
1998). Here, we expect discrepancies between the C- and
Ku-band observational wind products.

To quantify this resolution effect, SAR wind fields were
degraded to both 25- and 50-km spatial resolution and then
azimuthally averaged. The Vmax values estimated from these
degraded wind profiles were then compared with IBTrACS
Vmax, as represented by the green (25 km) and red (50 km)
stars of Fig. A1. Here, SAR Vmax refers to the maximum found
in an azimuthally averaged wind profile. We thus expect slight
discrepancies with IBTrACS Vmax, whose definition does not
strictly coincide with a wind profile maximum. The comparison

between SAR azimuthal means and IBTrACS is indicated by
the gray stars and is modeled by a linear fit (gray dashed line in
Fig. A1) that defines VREG

max :

VREG
max 5 0:6967VIBTrACS

max 1 6:1992: (A1)

The green and red scatters in Fig. A1 should be compared with
this regression line (gray dashed) rather than the 1:1 line. The
25- and 50-km simulated Vmax values show that as spatial resolu-
tion decreases Vmax also decreases, and the decreasing tendency
is more pronounced as intensity increases. On average, a Vmax

of ;38 m s21 observed at the full-resolution azimuthally aver-
aged wind profile (i.e., the raw SAR wind profile) would yield
;32 m s21 when observed at a 25-km spatial resolution and
;28 m s21 at a 50-km spatial resolution. Second-order polyno-
mial fits were constructed to model this spatial resolution effect.

FIG. A1. Comparison between SAR (y axis) and IBTrACS (x axis) Vmax for the raw dataset (gray) and when de-
graded at 25-km (green) or 50-km (red) resolution. Dashed lines represent best linear fit for the raw dataset (gray)
and best second-order polynomial fits for the 25-km (green) and 50-km (red) datasets. A solid black line represents
identity. The Vmax distributions and averages are displayed to the right for the different SAR samples and at the top
for corresponding IBTrACS values.
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Using these linear and polynomial fits as reference, we then
compared C-band and Ku-band scatterometer Vmax values
with IBTrACS in Fig. A2. It shows that C-band scatterometer
Vmax values are consistent with the 25-km spatial resolution
polynomial model (green dashed curve). In contrast, Ku-band
scatterometer Vmax are still underestimated when compared
with IBTrACS values following the correction for their 50-km
resolution (red dashed curve). In particular, Ku-band scatter-
ometer Vmax estimates rarely exceed 64 kt (33 m s21), preclud-
ing their use to estimate wind radii in our analysis.
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