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Abstract

The radius of maximum wind (RMW) is one of the key parameters for characterizing the
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structure of tropical cyclones (TCs). Although multiple methods have been developed to

estimate the RMW, their estimates can sometimes differ substantially and are not always

available, making it difficult to construct a comprehensive long-term RMW dataset. This

study develops a Bayesian consensus method to derive a single RMW estimate from

multiple RMW estimates. In this framework, the posterior probability distribution of the

RMW is estimated using likelihoods constructed from method-specific error distributions

combined with an outlier distribution, and the final RMW is determined as the maximum

a posteriori (MAP) estimate. By explicitly accounting for an outlier distribution for each

estimation method, the proposed method can determine a reasonable RMW close to one

of the clusters even when the estimates split into two clusters. Using this consensus

method and, as a primary source, estimates from satellite-based global precipitation data

and from infrared and microwave satellite data for TCs with an eye, a long-term RMW

dataset is constructed at 3-h intervals for 631 TCs in the western North Pacific during

2000-2025. Verification of the consensus RMW estimates shows that errors decrease with

increasing TC intensity and posterior probability, and that posterior probability itself

serves as an indicator of estimate reliability. This new RMW dataset enables a realistic

representation of the inner-core structure, particularly small RMWs, which were difficult

to estimate before the advent of synthetic aperture radar (SAR)-derived winds and in the
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Data Availability

GSMaP data are available at https://sharaku.eorc.jaxa.jp/GSMaP/index.htm. ERAS data

are available from the Copernicus Climate Change Service (C3S) Climate Data Store

(CDS) (Hersbach et al. 2023). The Tropical Cyclone Precipitation, Infrared, Microwave,

and Environmental Dataset (TC PRIMED) is available from the NOAA NCEI (Razin et

al. 2023a). Information on the availability of successive geostationary IR satellite data is

provided at https://www.data.jma.go.jp/mscweb/en/product/library data.html. SAR wind

data are available from the website of STAR (2026). ASCAT wind data are available from

NASA (2026). IMA and JTWC best track data are obtained from the IBTrACS Version

4r01 dataset available at https://www.ncei.noaa.gov/products/international-best-track-

archive. The RMW dataset constructed in this study is available at

https://doi.org/10.5281/zenodo0.20406310.
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1 Introduction

The radius of maximum wind (RMW) is a key parameter for characterizing the wind

structure of tropical cyclones (TCs), together with the maximum wind speed (Vmax) and

outer size, as these parameters are physically related (Emanuel and Rotunno 2011; Chavas

and Lin 2016). The magnitude of the RMW is associated with subsequent changes in TC

intensity (Carrasco et al. 2014). TC rapid intensification often occurs after rapid RMW

contraction (e.g., Stern et al. 2015; Wu and Ruan 2021; Li et al. 2022). The RMW can

rapidly jump from the inner eyewall to the outer eyewall during an eyewall replacement

cycle (e.g., Willoughby et al. 1982; Black and Willoughby 1992; Sitkowski et al. 2011).

RMW information is used for wind structure construction (e.g., Chen et al. 2025; Liu et

al. 2025; Tao et al. 2026), which is also utilized for forecasting ocean waves and storm

surge (e.g., Aijaz et al. 2019). While recently developed artificial intelligence (Al)-based

weather models have demonstrated significant improvements in TC track forecasts, they

have shown negative biases and poor representation of TC intensity and structure (e.g.,

Yamaguchi et al. 2025; DeMaria et al. 2025). Such weaknesses can be mitigated if a

reliable RMW dataset for improved model training is available. Given the importance of

the RMW, a WMO workshop has called for the development of methods to construct

more accurate RMW datasets (e.g., Rogers et al. 2023; Ito et al. 2025).
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Recently, new RMW estimation methods have been developed, and multiple RMW

estimates have become available at the same analysis time. One reason for this progress

is the availability of accurate RMWs from spaceborne synthetic aperture radar (SAR)

observations, which provide detailed TC wind fields with a high spatial resolution (~500

m to 3 km), although the observation frequency with full TC coverage is still low (Mouche

et al. 2017, 2019, 2026; Combot et al. 2020; Vinour et al. 2021; Shimada et al. 2024;

Tsukada et al. 2025; Avenas et al. 2026). Methods developed using SAR-derived RMWs

as ground truth include those based on outer wind radii and eye size derived from infrared

and passive microwave satellite observations (Avenas et al. 2023; Tsukada and

Horinouchi 2023; Shimada 2025). In addition to these new approaches, previously

developed methods (Willoughby and Rahn 2004; Mueller et al. 2006; Kossin et al. 2007;

Vickery and Wadhera 2008; Lajoie and Walsh 2008; Knaff et al. 2015; Chavas and Knaff

2022), as well as recent machine-learning-based methods (e.g., Zhuo and Tan 2021, 2023;

Lu et al. 2022), are also applicable for estimating the RMW. However, RMW estimates

can differ substantially among methods, their time series may fluctuate irregularly, and

some methods do not always provide estimates due to limited data availability.

Although many RMW estimation methods have been developed, to our knowledge,

a long-term RMW dataset extending back several decades, with homogeneous quality
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throughout the entire period, has not yet been constructed. To achieve this, a consensus

method is required to derive a single representative RMW from multiple RMW estimates.

Such a consensus RMW cannot be obtained by a simple arithmetic average of the

estimates. For example, an arithmetic average is inappropriate in cases of TCs with

concentric eyewalls, where one method estimates the RMW near the inner eyewall while

another estimates it near the outer eyewall. Additionally, ideal RMW estimates intended

for diverse applications should (i) evolve smoothly over time to represent the scale of the

TC inner core, (i1) capture variations associated with eyewall replacement cycles, (iii) be

continuously available throughout the TC life cycle, and (iv) maintain homogeneous data

quality across the entire period.

The purpose of this study is to develop a consensus method of RMW estimation based

on a Bayesian framework and to construct a long-term RMW dataset. Specifically, the

posterior probability distribution of the RMW is estimated using likelihoods constructed

from method-specific error distributions combined with an outlier distribution, and the

final RMW is determined as the maximum a posteriori (MAP) estimate. By explicitly

accounting for an outlier distribution for each method, the posterior distribution can

exhibit multimodality. This approach can determine a reasonable RMW close to one of

the clusters even when the estimates split into two distinct clusters, rather than yielding
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an intermediate value between them.

For the construction of the long-term RMW dataset, this study targets 631 TCs that

occurred in the western North Pacific from 2000 to 2025, with a temporal resolution of 3

h. To ensure homogeneous quality throughout the period, RMWs are estimated using only

observations that have been continuously available since 2000. Additionally, new

estimation methods are developed using global satellite-derived precipitation data

(Global Satellite Mapping of Precipitation, GSMaP; Kubota et al. 2007, 2009) and

atmospheric reanalysis data [the European Centre for Medium-Range Weather Forecasts

(ECMWEF) fifth-generation reanalysis product, ERAS; Hersbach et al. 2020] to provide

RMW estimates at all analysis times and to suppress irregular temporal fluctuations. The

proposed consensus method selectively determines an RMW value closest to the most

accurate estimate among the available methods.

In this study, the RMW is defined as the radius of maximum azimuthally averaged

wind, rather than the radius of the local maximum wind speed (hereafter, the local RMW),

following previous studies (e.g., Vinour et al. 2021; Avenas et al. 2023; Tsukada and

Horinouchi 2023; Shimada 2025). This definition allows the RMW to represent the

horizontal scale of the inner-core region of large positive vorticity in the Northern

Hemisphere, as the positive vorticity in a modified Rankine vortex decreases rapidly
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outside the RMW. Additionally, this definition reduces sensitivity to local maxima caused
by instantaneous gusty wind speeds and is therefore expected to yield more stable RMWs
when satellite observations are used as ground truth. One caveat is that a relatively large
difference may exist between the local RMW and the RMW defined in this study for TCs
with elliptical eyewalls or concentric eyewalls.

The rest of the paper is organized as follows. Section 2 describes the data used in this
study. Section 3 presents the RMW estimation methods used in the consensus. Section 4
describes the consensus method. Section 5 presents the verification results of the
consensus, including case studies. Section 6 presents the long-term RMW dataset. Section

7 provides a summary of the study.

2 Data

In this study, best track Vmax data from the Japan Meteorological Agency (JMA) are
used, except in Sect. 6. Because JIMA Vmax is not provided during the TD stage, it is
extrapolated assuming a linear inverse relationship with the central pressure available
during the TD stage. Consequently, the extrapolated Vmax may occasionally reach TS
strength (18 m s!) during the TD stage. In Sect. 6, Vmax and RMW data from the Joint

Typhoon Warning Center (JTWC; Howell et al. 2025) are used for comparison.
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The following datasets are used for RMW estimation: GSMaP data with a spatial

resolution of 0.1°, ERAS 10-m wind data with a spatial resolution of 0.25°, intercalibrated

passive microwave (PMW) satellite data at 85-91 GHz, and geostationary infrared (IR)

satellite observations. Hourly GSMaP data are mapped onto TC-centered polar

coordinates and averaged over a 7-h window to mitigate differences in precipitation

amounts among satellite sensors, following Shimada et al. (2017). The TC center position

at each time is derived from hourly interpolated best track data provided by the JMA.

Details of GSMaP data processing and its applicability to TCs are described in Shimada

et al. (2017, 2018). The TC center in the ERAS data is identified as the location of the

minimum in the smoothed ERAS mean sea level pressure field, following Aizawa et al.

(2024). The ERAS 10-m wind fields are then interpolated onto TC-centered polar

coordinates. The PMW satellite data are obtained from the TC PRIMED dataset (Tropical

Cyclone Precipitation, Infrared, Microwave, and Environmental Dataset; Razin et al.

2023b). This dataset includes observations from the Special Sensor Microwave Imager

(SSM/T), the Special Sensor Microwave Imager/Sounder (SSMIS), the Tropical Rainfall

Measuring Mission (TRMM) Microwave Imager (TMI), the Advanced Microwave

Scanning Radiometer for the Earth Observing System (AMSR-E), the Advanced

Microwave Scanning Radiometer 2 (AMSR2), and the Global Precipitation Measurement
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(GPM) Microwave Imager (GMI). Geostationary IR satellite observations are from the
JMA (e.g., Bessho et al. 2016). To ensure consistency in horizontal resolution among
successive satellites, the IR data are resampled to a spatial resolution of 5 km in this study.

This study uses SAR wind data and Advanced Scatterometer (ASCAT) wind data as
reference datasets for the development of RMW estimation methods and for the
verification of RMW estimates. While the SAR wind data are used for TCs at tropical
storm (TS) intensity or higher, the ASCAT data are used for TD cases and TS cases with
Vmax = 18 m s7'. The SAR wind data, including TC center position information, are
obtained from the National Oceanic and Atmospheric Administration’s (NOAA) Center
for Satellite Applications and Research (STAR) Tropical Storm Cyclone Winds page
(STAR 2026) for the period 2015-2025, with a horizontal resolution of 3 km. Data from
2015 to 2024 are used as the reference dataset (unless otherwise noted), whereas data
from 2025 are used for verification. Cases with two or more distinct peaks in the radial
profile of the azimuthally averaged SAR wind speed are excluded from the reference
dataset to ensure the derivation of a single RMW estimate. The ASCAT wind data are
obtained from the National Aeronautics and Space Administration (NASA) Earthdata
Search (NASA 2026) for the period 2012-2025, with a horizontal resolution of 25 km.

The TC center is defined as the location of the maximum streamfunction derived from
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the vorticity field computed from ASCAT wind vectors. The ASCAT wind fields are then
bilinearly interpolated onto TC-centered polar coordinates with a radial spacing of 2 km
to derive the RMW. Due to the coarse spatial resolution and possible center displacement,
however, the RMW derived from the azimuthally averaged ASCAT wind is located near
the TC center in ~10% of the samples. To avoid this, the radius of the local maximum
ASCAT wind (i.e., the local RMW) is adopted as the RMW when the azimuthally
averaged RMW is less than 150 km, as the local RMW is generally consistent with it

within this range.

3 RMW estimation methods

In this study, six estimation methods are incorporated into the consensus framework
to construct a long-term RMW dataset, four of which are newly developed. These new
methods are needed because RMW estimates are required at all analysis times, including
the TD stage, over a long period extending back to 2000 using a homogeneous dataset,
requirements that are not fully satisfied by previously developed methods. In this section,
two GSMaP-based methods (RMWsn.p and RMWID,.p; see Appendix A for the

TS+

notation used in this paper), a modified Rankine vortex method (RMWg, kine)> an ERAS-

based method (RMWgiys), an IR-based method (RMWR), and a PMW-based method
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(RMWppmw) are introduced.

3.1 Error distribution

The Bayesian framework necessitates error distributions for each constituent
estimates. Consequently, two types of estimation error distributions are adopted in the

consensus method in this study: a normal distribution:

(e — w?
202

exp | —

1
p(e) = Tiro

and a log-normal distribution:

_(1n(U—sz)—u)zl U—e>0)
20

1
p(e) = Vi — o [

where ¢ denotes the estimation error (defined as the estimate minus the SAR-derived
RMW), and x4 and ¢ denote the mean (bias) and standard deviation of the error,
respectively. The constant U is an offset introduced for the log-normal distribution and
is selected as the value that provides the best fit to the log-normal distribution among
multiple candidates near the point at which the frequency rapidly decreases. Specifically,
because a log-normal distribution requires In (U — €) to follow a normal distribution,
deviations from linearity in a normal quantile—quantile (Q—Q) plot are evaluated using
the root-mean-square error (RMSE), and the value of U that minimizes the RMSE is
selected. The error distributions of the RMW estimation methods used in the consensus

method are summarized in Table 1.
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Table 1: Error distribution parameters of the RMW estimation methods used in the

consensus framework.

Estimates Applicable case  Error distribution  u [km] okm] U J[km]

RMWESE o Vmax>18ms™ Normal 1359  10.617 -
RMWIS,.p  Vaax<20ms' Normal -5.977 81914 -
RMWgShine  Vmax>18ms™ Log-normal 2981  0.776 14
RMWgDs Vinax <20 m s~ Normal —3.846  67.849 -
Dvorak eye
RMWi Log-normal 2.066 0.599 9
pattern
RMWppw Vimax >33 ms! Log-normal 2.045 0518 7

In the following evaluation of the error distribution of RMW estimates from each

method, it is necessary to identify and exclude outliers, as outliers can cause the

distribution to deviate from a normal or log-normal distribution. For example, in cases of

concentric eyewalls, a method may estimate a radius associated with the inner eyewall as

the RMW, even though the true RMW is located near the outer eyewall. This results in a

large estimation error, which constitutes an outlier far from the true RMW. Additionally,

outliers can arise when the precipitation distribution used for RMW estimation is poorly

correlated with the actual RMW.

This study employs the median absolute deviation (MAD) as a robust estimator of

the standard deviation of RMW estimates in the presence of outliers:

MAD = median(|g; — &])
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where €; denotes each estimation error and € denotes the median of the estimation
errors. For a standard normal distribution N'(0,1), the MAD is ~0.6745. Accordingly,
assuming that the inlier errors are approximately normally distributed, the MAD
computed from the errors can be used to estimate the standard deviation of the underlying
inlier distribution as dyap = MAD/0.6745. For simplicity, assuming that 10% of the data
consist of outliers, the central 90% interval of a standard normal distribution is given by
11.645. Therefore, +1.6456map can be adopted as the criterion for outlier exclusion

among errors in this study.

32 RMWS.p and RMWED.p

Two GSMaP-based methods are developed to collectively provide RMW estimates
at all analysis times, regardless of the presence or absence of a TC eye: RM Wgssﬁap for
TS strength and above, and RMWga,.p for cases with Vimax < 20 m 57! (i.e., including
weak TS cases). RMW_ Sy, p exploits a structural relationship in which the radius of
maximum precipitation (Rmp) is located outside the surface RMW within a sloped eyewall
(e.g., Jorgensen 1984). Specifically, Rup is derived from GSMaP data using the following
procedures:

1) Apply a 12-h running mean to the 3-hourly azimuthally averaged precipitation to
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reduce temporal discontinuities in the precipitation distribution.

i1) Detect Ryp as the radius of maximum azimuthally averaged precipitation, and
identify the first, second, and third peaks of the azimuthally averaged precipitation
in order of increasing radius beyond a radius of 10 km (Rump1, Rmp2, and Rmp3, when
present). Note that Rnp is identical to Rmp1 when Ryp > 10 km.

111)) When Rup < 10 km, set Rmp = Rmp1 if Rmp1 1s available to account for possible TC
center displacement.

iv)When Rmp = 400 km, redefine Rmp as the candidate with the maximum
precipitation among Rmp1, Rmp2, and Rmp3.

v) If Rmp differs by 10 km or more from both its values at the previous and subsequent
times (3 h), and the differences have opposite signs, redefine Ry, as the
candidate among Rump1, Rmp2, and Rmp3 (in this order) whose difference from the
previous value is less than 10 km. If no such candidate exists, replace Ry, with
the average of the previous and subsequent values.

The regression relating Ry, to the SAR-derived RMW is derived using samples

with 15 km < Rp,, < 150 km and maximum azimuthally averaged precipitation rates
exceeding 5 mm h™! at each time (Fig. 1a):

RMW{Shap = 0.59 Ry, + 4.68 (1)
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The correlation is weak for samples with Ry, < 16 km, which is attributed to the coarse
spatial resolution of GSMaP (0.1°), as small displacements in the TC center position can
lead to relatively large errors in cases with small RMWs. Therefore, when Ry, < 16
km, set RMWIS%.p = 19 km, which corresponds to the median value of these samples;
otherwise, set RMW_Sw.p using Eq. (1). Figure 1b shows the estimation error
distribution of RMW(di.p relative to the SAR-derived RMW. The mean absolute error
(MAE) is 14.1 km. After applying the outlier exclusion criterion (+28.8 km), the error
distribution fits a normal distribution reasonably well, with a standard deviation of 10.6

km.

(a) Rmp vs SAR RMW (b) RMWJSSJEEP Error distribution and Gaussian fit

0.040 4 Gaussian fit —
p=—0.477, 0=21661
140 * . Gaussian fit

0.0354 = p=1.359, 0=10.617 \
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MAD = 11.8

1.645 &MAD =288
00204 MAE = 141 m
Corr = 0.81 TN
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o
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Fig. 1 (a) Scatter plot of Rmp (km) versus SAR-derived RMW (km). Black circles denote

samples used in the regression (red line), and white circles denote excluded samples. (b)

Distribution of RMW_d.p errors (km), with Gaussian fits for all samples (gray) and for
samples excluding outliers determined by a threshold value of 28.8 km (red). Sample size
(N), median absolute deviation (MAD), criterion for outlier exclusion (+1.6456map),
mean absolute error (MAE), and correlation coefficient (Corr) are shown. MAE and Corr

are calculated using all samples, including outliers.



301 TD cases tend to have a local wind maximum within regions of strong precipitation.

302 Accordingly, RMWd,.p is defined as follows:

303 i) Set RMW(sMap = Rmp within 300 km, and identify the radius of maximum
304 local precipitation, Ryp_jocal-

305 ii) When Ry, <10 km, set RMWddMap = Rmp-tocal if Rmp-local = 10 km;
306 otherwise, set RMWJd.p = 10 km.

307 iii) When Ry, =300 km and Rpyp-joca <300 km, set RMWigy.p =
308 Rmp-1ocal-

309 Figure 2 shows a scatter plot of RMWIR.p versus ASCAT-derived RMWs, along

310  with the corresponding error distribution. The estimation errors are relatively large,
311  reflecting not only the weak correlation between RMWga,.p and the RMW but also the
312 uncertainties in the ASCAT-derived RMWs as reference data. This level of accuracy is

313  considered unavoidable for TD cases.

466 (a) RMWGTEMAP vs ASCAT ?M.W (b) RMW(F}FSDMHP Error distribution and Gaussian fit
s ar] _ — —
...°_ een (X 1075 km?) N = 11_01 W — A o=05.303
250 4 o ":’.', c,' 0.005 - MAD = 83.0 Gaussian fit
by 5 2.8 1.645 Guyan = 202.5 ~ ™ u=-5.977, 0=81.914
_— AR LN l MAD ™N
E . ,’-:: o3 h2e MAE = 72.9 _\X
g 200 ,...._’.. . so 4 5.6 0.0044 Corr = 0.38
= ISR .
T 150 b el W€ % 0.003
. e
O 100 e Log —
0 7.0 4
-
< A ] ro.4
501 af e
-'! A s LLp.o 0.001 -
s
0 - .,
200 250 300 0.000 ~—+ : . ] ‘ .
-300 -200 ~100 0 100 200 300

3 14 RM WGTgMaP (km) Error (km)
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Fig. 2 (a) Scatter plot of RMW¢a,.p (km) versus ASCAT-derived RMW (km). The blue
shading indicates kernel density estimation ( X 10 km™). (b) Distribution of
RMWIR.p errors (km), with Gaussian fits for all samples (gray) and for samples
excluding outliers determined by a threshold value of 202.5 km (red). Sample size (N),
median absolute deviation (MAD), criterion for outlier exclusion (+1.6456map), mean
absolute error (MAE), and correlation coefficient (Corr) are shown. MAE and Corr are

calculated using all samples, including outliers.

33 RMW:SH.  and RMWID, .

Rankine
In RMW estimation methods based on precipitation distributions, center
displacement and the weak correspondence between asymmetric precipitation structures
and the low-level wind structure, particularly in cases exhibiting the shear pattern (Dvorak
1984), can be major sources of error. Therefore, this study develops a method to estimate
the RMW from a hypothetical radial wind profile constructed using bias-corrected ERAS
10-m wind fields, JMA Vimax, and a modified Rankine vortex (RMWpaashine) for TS

strength and above. In addition, a different method (RMWpmas) is developed for cases

with Vimax <20 m s based on ERA5 10-m wind fields.
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Fig. 3 (a) Scatter plot of JIMA Vinax (m s7!) versus SAR-based Vmax (m s7!) derived from
the azimuthally averaged wind speed. The dashed line denotes the 1:1 line. (b) Two-
dimensional histogram of Vggras and SAR wind speeds sampled outside Rmeras. The
black line indicates the regression given by Eq. (3). (c) Example of radial profiles of the
azimuthally averaged SAR wind speed (red), Vggras (green), V'gras (blue), and the
modified Rankine vortex (black) constructed using a determined from Ri2, Rmeras, and
Vimeras- (d) Scatter plot of RMWI;r:;kine (km) versus SAR-derived RMW (km). (e)
Scatter plot of the mean of RMWganiine and RMWasi o (km) versus SAR-derived
RMW (km). () Distribution of RMWgariine errors (km), with Gaussian and log-normal
fits. Gaussian fits are derived from all samples (gray) and from samples excluding outliers
determined by a threshold value of 31.3 km (red). The log-normal fit (blue) is derived
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from samples with ¢ < 14.0 km (N = 106). Sample size (N), median absolute deviation
(MAD), criterion for outlier exclusion (+1.6456map), mean absolute error (MAE), and
correlation coefficient (Corr) are shown. MAE and Corr are calculated using all samples,
including outliers. In (a—b), the samples are taken from the period 2015-2023, whereas
the samples in (d—f) are taken from the period 2015-2024.

For RMWgatio, the radial profile of the azimuthally averaged wind speed is
assumed, based on the theoretical framework of previous studies (Emanuel and Rotunno
2011; Chavas and Lin 2016), to be characterized by three parameters: the RMW, Viax,
and the outer size. Here, the effect of latitude is neglected. Furthermore, the radial profile

approximately follows a modified Rankine vortex with an appropriate decay exponent «

(Mallen et al. 2005):

r
Vmaxmr r < RMW
Vi) = RMWA®
Vmax( " > , r = RMW

where V(r) denotes the axisymmetric wind speed at radius r. Based on these

assumptions, RMWparfine

is derived as follows:

1) JMA Vmax 1s used because it is in good agreement with SAR Viax derived from the
azimuthally averaged wind speed (Fig. 3a).

11) Because ERAS wind speeds (Vggras) exceeding 12 m s sampled outside the

RMW in the ERAS wind field (R gras) have a negative bias (Fig. 3b), the bias is

corrected linearly based on the comparison with SAR wind speeds (V'gras, m s~
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iii)

v)

1 as follows:
V,ERAS =1.6 VERAS - 73, (VERAS = 122) (2)

The decay exponent a is then determined as:

o= log(Vingras/12)
log(R12/RmEras)

where R;, denotes the innermost radius outside the RMW at which the
azimuthally averaged V'gras decreases to 12 m s!, and Vp,gras denotes Viax
derived from the azimuthally averaged V'ggras.

Wind speeds inside R, gras are extrapolated inward using the modified Rankine
vortex profile with a determined in step (ii). The radius at which the extrapolated
wind speed reaches JMA Viax is identified as a candidate RMW (Rcand; Fig. 3c¢).
Rcand implies the following:

® C(ase A: for TCs with a single eyewall, Rcand 1S expected to approximately

correspond to the true RMW; and
® (ase B: for TCs with concentric eyewalls, Rcand may be located substantially

outside the inner eyewall.

Assuming Case A, RMWgoh. . = Reana When Reana < RMWZSE p; otherwise,
RMWZS*t . is not defined. If RMWgarth... < 16 km, reset RMWgart. . =15
km.
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Although RMWg. . alone does not achieve high accuracy (MAE = 16.3 km; Fig.
3d), nor does RMW( Sy, (MAE = 16.5 km), the mean of RMWgot. . and

RMW{ Sk p yields improved accuracy (MAE = 14.6 km; Fig. 3e). Accordingly, the

inclusion of RMWgok. . in the consensus framework is expected to compensate for the

weaknesses of RMW e .

The estimation error & of RMWganiine €xhibits a mode on the positive side and a
negatively skewed tail in its frequency distribution (Fig. 3f). Therefore, this study adopts
a log-normal distribution. The optimal value of U for RMWgart. . is set to 14 km.
Outliers appear on both sides of the error &€ with approximately uniform frequency.

In contrast to TS cases, TD cases generally do not have a modified Rankine vortex
structure; therefore, a different approach is required. We found that the ERAS5-derived
RMWs tend, on average, to be located close to ASCAT-derived RMWs (Fig. 4a), likely
because ERAS assimilates ASCAT wind observations. In this study, the ERAS5-derived
RMW, RMWgghs, is defined as follows:

1) Identify Rgras Within 300 km of the TC center.

i1) When Rygras < 50 km or Ry gras = 300 km, replace it with the radius

of maximum local ERAS wind speed. If the resulting radius is still less than

50 km, set Rygras = 50 km.
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i) Finally, RMWgD,s is obtained by applying a bias correction:
RMWgRas = Rmpras — 34
The MAE of RMWgpys is 64.6 km (Fig. 4b), which is relatively large and
comparable to that of RMWIR.p (Fig. 2). However, the consensus of RMWIR.p and

RMWgP, o reduces the MAE to 58.5 km.

300..(@) RMWERys vs ASCAT RMW o Jbo) RM Wiy _Error distribution and Gaussian fit
T ’ | N =1101 - ____ Gaussian fit
u=-8.423, 0=85.747
4 MAD = 74.1 _ Gaussian fit
1.645 Gyap = 180.8 N H=—3.846, 0=67.849
| MAE = 646 \
Corr =0.39

N

1

Z
-

-
0 50 100 150 200 250 300 0.000
RMWETR?AS (km) Error (km)

~300 -200 ~100 0 100 200 300

Fig. 4 (a) Scatter plot of RMWgss (km) versus the ASCAT-derived RMW (km). The
blue shading indicates kernel density estimation (X 10~ km™). (b) Distribution of
RMWg2,s errors (km), with Gaussian fits for all samples (gray) and for samples
excluding outliers determined by a threshold value of 180.8 km (red). Sample size (N),
median absolute deviation (MAD), criterion for outlier exclusion (£1.6456map), mean
absolute error (MAE), and correlation coefficient (Corr) are shown. MAE and Corr are

calculated using all samples, including outliers.

34 RMWir

The IR-based method developed by Tsukada and Horinouchi (2023) is adopted with

some modifications. In this method, RMWy is estimated from Reye, Which is defined
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as the radius of the minimum enclosing circle of the —45°C IR brightness temperature
contour. To increase the availability of estimates, this study computes RMWg whenever
the JMA Dvorak technique (Nishimura et al. 2023) indicates an “eye pattern,” rather than
restricting the estimation to cases classified as having a “clear eye,” as in Tsukada and
Horinouchi (2023). With these modifications, a new regression relationship is derived in
this study:
RMWigr = 0.61Rey. + 7.85

The MAE of RMWg is 4.6 km (Fig. 5a), which is larger than that reported by

Tsukada and Horinouchi (2023). The error distribution of RMW}g is well represented by
TS

a log-normal distribution, similar to that for RMWRg,, xine- The optimal value of U for

the log-normal distribution of RMW;r is 9 km.

(b) RM WPMW Error distribution and Gaussian / lognormal fit
0.12

(a) RMM/[R Error distribution and Gaussian / lognormal fit

0104 N =69 Gaussian fit N=128 Gaussian fit
- T u=-0.104, 0=6.030 5 u==0.745, 0=8.350
MAD = 4.5 1 Gaussian fit MAD = 3.9 Gaussian fit
1.645 Gyap = 10.9 " u=0.685, 0=4.526 0109 1,645 Gyan = 9.5 " u=-0825,0=3431
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Fig. 5 (a) As in Fig. 3f, but for RMWg (km). The log-normal fit (blue) is derived from
samples with € <9.0 km (N = 67). (b) As in Fig. 3f, but for RMWpyw (km). The log-
normal fit (blue) is derived from samples with & < 7.0 km (N = 123).
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3.5 RMWrmw

The PMW-based method developed by Shimada (2025) is adopted using the

following regression:
RMWppw = 0.69Rtpyo + 6.11,

where Rtgso denotes the radius corresponding to the —40°C azimuthally averaged
brightness temperature. Although Shimada (2025) proposed an additional estimation
method, this study adopts only the above method for cases with JMA best track Vimax > 33
m s, as the alternative method exhibits poorer accuracy than RMW_3 . p. The MAE of
RMWopypw 1s 4.2 km (Fig. 5b). The error distribution of RMWpyw 1s well represented

by a log-normal distribution, with U =7 km.

4 Consensus estimation

4.1 Bayesian consensus method

Bayes' theorem is applied to the consensus framework as follows:

p(x1, X3X3, ..., X7 | X)p(X)
p(xq, X2X3, oo, XT)

p(X | x1, X33, oo, X7) = :

where the left-hand side represents the posterior probability density function (PDF) of the

RMW, which is denoted by X, given the set of RMW estimates {xy, x,, X3, ..., X7}, with
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T indicating the number of estimates. On the right-hand side, p(xq,x,x3, ..., x7 | X)
denotes the likelihood of the estimates given X, and p(X) denotes the prior PDF of X.
The denominator is a normalization constant. Error PDFs intrinsic to each estimation
method are used to compute the likelihood from the multiple estimates. Assuming
statistical independence among the estimates, the likelihood can be written as
T
p(x1, X2,..., x7|X) = 1_[ p(x;|X).
4
In this study, the prior PDF of X is assumed to be uniform over 0 < X < 300 km and
zero outside this range.
Under this assumption, the posterior PDF is proportional to the likelihood:
T
p(X | xq, X33, ., X7) X 1_[ p(x;|X), 0 < X < 300km. 3)
i
Furthermore, in this study, each likelihood p(x;|X) is assumed to be the sum of an
error PDF and an outlier PDF, with the specific formulation given in the next subsection.
This formulation allows the likelihood to retain peaks near one or more of the individual
estimates (see the next subsection). The final RMW is obtained by evaluating the right-

hand side of Eq. (3) and is determined as the MAP estimate.

4.2 Likelihoods

The posterior PDF of the RMW is estimated with a radial resolution of 1 km by

evaluating the right-hand side of Eq. (3). Except for RMWian.p and RMWZS, o, the
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likelihoods of the RMW estimates are modeled as the sum of an error distribution
represented by either a log-normal or a normal distribution with a weight of 90%, and an
outlier distribution, assumed to be uniform over the range 0—300 km with a weight of
10%. The likelihoods of RMWgsn.p and RMWJIR.p are described later. For each
method, it is not easy to quantitatively estimate the outlier fraction because of the limited
sample size. Nevertheless, all methods are expected to include outliers at some rate, as
shown in Figs. 1-5.

For an estimate x; (from RMWga 1., RMWg, and RMWoppy) Whose errors are

modeled by a log-normal distribution, the likelihood p(x;|X), with method-specific

parameters o;, U;, and U; (Table 1), is expressed as

0.9 (In(x';) — p;)? ) 1
p(x; | X) = mexp I— 210.2 (1[0 (X)) + 300 Lo300] (x) (4)
it i

where x'; = U; — (x; — X), 1 denotes the indicator function, and all radii are expressed
in km. For an estimate x; (from RMWgras) Whose errors are modeled by a normal
distribution, the likelihood p(x;|X), with a method-specific parameter o; (see Table 1),

is expressed as

p(x;|X) =

0. X)? 0.1
) l 10,3001 (x;) (5)

9 (x; —
V2mo; =P 20} 300

where all radii are expressed in km. The bias is assumed to be zero for simplicity.

By explicitly assuming an outlier distribution, the posterior distribution can be
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multimodal, which helps avoid selecting a final RMW that is not supported by any

individual method. To demonstrate this advantage, Fig. 6 shows an example of two

posterior probability distributions obtained with and without an outlier distribution. Here,

we suppose that there are four RMW estimates (22, 24, 58, and 62 km) forming two

distinct clusters, with standard deviations of 5, 5, 10, and 10 km, respectively, for their

error distributions. For simplicity, the error distributions are assumed to be normal

distributions. Without an outlier distribution in the likelihood, the estimated posterior

distribution is also a normal distribution, and the MAP estimate (30.4 km) lies between

the two distinct clusters. In contrast, with an outlier distribution, the posterior distribution

can be multimodal, with the MAP estimate (24.7 km) located close to one of the clusters.

Posterior distribution

i A = With outlier (MAP = 24.7 km)
0.12 1 i —— Without outlier (MAP = 30.4 km)
I
i
0.10 1 i
2 |
2 0.08 1 T
[} I
=1
>
= 0.061
o)
©
€
x 0.041
0.02
0.00 1 .
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Individual error distributions
0.08 —— RMW1 = 22 km (g=5 km)
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Fig. 6 (top) Posterior probability distributions obtained with and without an outlier

distribution. (bottom) Individual error distributions corresponding to the RMW estimates.
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Fig. 7 Hovmoller diagrams of (a) linearly normalized precipitation, (b) relocated

precipitation, and (c) the error distribution term of the RMWgqen.p likelihood for

Typhoon Mawar (2023).

For the likelihoods of RMWJsw.p and RMW{Z8,.p, additional modifications are
introduced. In the estimation of RMW_dy.p and RMWJR,.p, a single radius must be
selected as Ry, [Eq. (1)]. However, in cases with concentric eyewalls, pronounced
asymmetries, or broad radial wind profiles, potential RMWs may be distributed over a
wider range of radii than in single-eyewall cases. In such situations, the error distribution
term of the RMWsn.p and RMWZR,.p» likelihoods cannot be assumed to follow a
normal distribution and is therefore constructed instead from the radial distribution of

azimuthally averaged precipitation normalized by its maximum value (Fig. 7a). Since
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RMWZSk p is originally derived from the radius of maximum precipitation, the
normalized precipitation is relocated (Fig. 7b) using an equation consistent with Eq. (1):
r'= 0.59r + 4.68, where r' is the relocated radius. The peak of the relocated
precipitation is then enhanced to obtain the final distribution (Fig. 7c). More specific
procedures for the error distributions of RMWsw.p and RMWid.p are given in

Appendix B. Finally, the RMWgsnp and RMWJIR.p likelihoods also include a

uniform outlier distribution, as in Eq. (4).

4.3 Estimation procedure

As consensus members, all RMW estimates available at each analysis time are used.
In addition, when RMW);g or RMWpyw , Which has high accuracy but limited
availability, is not available at a given analysis time, (i) the estimate from 3 h prior to the
analysis time, or otherwise (ii) the estimate from 3 h after the analysis time, is included
as a consensus member, if available. Consequently, the same RMW;g or RMWpyw

estimates can be used in the consensus for up to three consecutive analysis times.
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Fig. 8 Hovmoller diagrams of the posterior probability distribution of the RMW (a) before
and (b) after smoothing for Typhoon Mawar (2023).

After the posterior distribution is computed, a 1-1-1 filter is applied to it in both the
radial and temporal directions to suppress irregular fluctuations (Fig. 8). The filter is
applied iteratively five times, as determined empirically, enabling the RMW to evolve
smoothly over time (Fig. 8b).

The final RMW is determined by the MAP estimate [ie.,
arg ;nax p(X | xq, x5x3, ..., x7)]. However, spike-like fluctuations occasionally remain in
the temporal evolution of the final RMW. Such residual spikes are identified and corrected
at each analysis time ¢ as follows. Define ARMW1 = RMW(t) — RMW(t—3h) and ARMW?2

= RMW(t+3h) — RMW(?). If |ARMW1| > 10 km, [ARMW?2| > 10 km, ARMW1*ARMW2 <
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0, and min( ) > 0.2, then the RMW(¢) is replaced by the average of

RMW(t=3h) and RMW(t+3h). This procedure is applied iteratively three times.

5 Verification

Verification of the consensus RMW estimates is conducted using matchup samples
with SAR observations. Since SAR-derived RMWs during the period 2015-2024 are used
to develop the individual RMW estimation methods in Sect. 3, the matchup samples are
divided into dependent samples from 2015-2024 and independent samples from 2025.
Here, SAR scenes with concentric eyewalls are included. Two case studies are then
presented.

(@) Viux Vs bias - (b) Probability vs bias
N =363 { N = 363

80

60 5 2
40]
20]
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_60:
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Fig. 9 Relationships between (a) IMA Vmax (m s™!) and bias (consensus minus SAR-

derived RMW; km) and (b) posterior probability and bias (km). Black circles denote

dependent samples, and red circles denote independent samples.

Figure 9 shows the bias of the consensus RMW estimates as a function of IMA Viax
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and the peak posterior probability. There is little difference in the error distributions
between dependent and independent samples. Errors decrease with increasing Vmax and
with increasing posterior probability. Weak TCs tend to have poorly defined structures,
making RMW estimation difficult and causing larger estimation errors for Vmax <35 m s~
!, Additionally, seven of the nine samples with Vimax > 40 m s™! and large errors (> 30 km)
are associated with concentric eyewalls. For such cases, large errors can occur if the
estimated RMW is associated with the inner eyewall while the true RMW corresponds to
the outer eyewall, or vice versa. A more distinct relationship is found between the error
and the posterior probability, with errors being smaller for posterior probabilities > 0.04.

Therefore, the posterior probability itself can serve as an indicator of the reliability of the

RMW estimates.
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Fig. 10 (a) Scatter plot of SAR-derived RMW (km) versus consensus RMW (km). The
dashed line denotes the 1:1 line. Sample size (N), mean absolute error (MAE), root-mean-
square error (RMSE), bias, correlation coefficient (Corr), and coefficient of determination
R? are shown. (b—c) Boxplots of absolute errors stratified by JMA Vimax (m s7!) and

posterior probability, respectively. A cross denotes the MAE for each group, and circles
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denote outliers. Sample size (N) and bias are shown.

The MAE calculated using both dependent and independent samples is 13.7 km (Fig.
10a). A negative bias is evident, particularly for 25 m s™! < Vinax <40 m s! (Fig. 10b) and

for posterior probabilities < 0.045 (Fig. 10c). Although the errors are widely distributed,

62% of the samples have absolute errors of < 10 km (not shown).
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Fig. 11 Temporal evolution of the consensus RMW estimates (thick black line) together
with the individual estimates for Typhoon Mawar (2023). White circles denote SAR-

derived RMWs as reference.

Figure 11 shows the temporal evolution of the consensus RMWs together with the
individual estimates for Typhoon Mawar (2023), as a representative case of an intense
TC. The consensus primarily follows RMWZ3w.p, With appropriate corrections from
RMW;r and RMW5pyw when available. The comparison with the SAR-derived RMWs
shows that the consensus successfully determines appropriate RMW estimates. Figure 8b
shows a Hovmoller diagram of the posterior probability distribution for Mawar. Mawar
is characterized by sharply peaked distributions during periods with a well-defined eye,
whereas broader distributions appear during its initial and decaying stages. The rapid
outward shift of the radius of maximum posterior probability suggests that eyewall

replacement cycles (ERCs) occurred at least twice, at ~1800 UTC 23 May and ~1200

UTC 26 May. Furthermore, the posterior distribution agrees closely with SAR-derived
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RMWs when the distribution is sharply peaked, whereas discrepancies increase when it

is broad. Therefore, the posterior distribution obtained by the consensus method is useful

not only for RMW estimation but also for assessing its reliability and diagnosing ERCs.
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Fig. 12 (a) As in Fig. 11, but for Tropical Storm Barijat (2024). Vertical lines indicate the
times shown in (c) and (d). The Vimax of 18 m s! at 0600 UTC 5 October results from
extrapolation during the TD stage (see Sect. 2). (b) Hovmoller diagram of the posterior
probability distribution of the RMW. The thick black line denotes the radius of maximum
posterior probability. (c—d) ASCAT wind fields at ~2330 UTC 4 October and ~2310 UTC
7 October, respectively, with the corresponding visible imagery overlaid. The yellow
circles indicate a radius of 50 km in (¢), and radii of 100 km and 300 km in (d). In (d), the
TC center in the ASCAT wind field appears displaced from that in the visible imagery,
possibly due to the coarse spatial resolution of ASCAT (25 km).

Figure 12 shows Tropical Storm Barijat (2024) as a representative case of a weak TC.

A spike-like fluctuation in the MAP estimate at 1800 UTC 8 October is corrected by the
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post-processing procedure (Fig. 12a). In general, RMW estimation is difficult for weak
TCs (e.g., Shimada 2025). This case exhibits a broad posterior distribution (Fig. 12b),
suggesting large estimation uncertainty. Because the ERAS wind field of Barijat exhibits
a small-sized vortex throughout its life cycle (not shown), RMWqs .. remains small
as well, mostly below 30 km. There are two noticeable features of the RMW estimates
for Barijat. First, the RMW is estimated to be less than 30 km during the initial TD period,
which is smaller than that during the TS period. The ASCAT wind field shows a small
vortex with a possible RMW of less than 50 km (Fig. 12c¢), indicating that the consensus
RMW estimates are reasonable. Second, the consensus RMW reaches 300 km (the
maximum possible value in this method) on 8 October. The ASCAT observations and
visible imagery show a small low-level vortex without deep convection in its vicinity,
along with a relatively strong wind region on the eastern side of the TC (Fig. 12d),
representing a typical ‘“shear pattern” in the Dvorak technique. RM Wgasnkine
corresponds to the RMW of the small-sized low-level vortex, whereas RMWdshiap

corresponds to the strong wind region on the eastern side. These two potential RMWs are

appropriately reflected in the posterior distribution.
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6 Long-term dataset

A long-term RMW dataset is constructed for TCs that occurred in the western North
Pacific since 2000, because GSMaP data with homogeneous quality have been available
from that year onward. A total of 631 TCs during the period 2000-2025 are included in
the dataset. The RMW is estimated at 3-h intervals for periods during which the JMA best
track data classify the TCs as TDs or stronger. The dataset includes the consensus RMW,
the posterior probability at the RMW, the posterior probability distribution, as well as the

RMW estimates from the available methods (Shimada and Tsukada 2026).

(a) Consensus RMW dataset (#) (b) JTWC dataset #)
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Fig. 13 Two-dimensional histograms of 6-hourly (a) JTWC Vimax (m s7!) versus consensus
RMW (km) and (b) JTWC Vinax (m s') versus JTWC best track RMW (km) during 2001—
2025. White circles denote SAR-derived RMWs and their corresponding JTWC Vrax

values during 2015-2025. Black and red boxes indicate areas I and II, respectively.
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Fig. 14 Boxplots of (a) bias and (b) absolute error of JTWC and consensus RMWs against
SAR-derived RMWs, stratified by Saftir-Simpson hurricane wind scale categories based
on JTWC Vmax. A cross denotes the MAE for each group, and circles denote outliers.
Sample size (N) is shown below the category name. The numbers indicated in teal

represent out-of-range outliers beyond +100 km.

Figure 13 shows the two-dimensional histogram of the JTWC best track Vmax and the

consensus RMW for the period 2001-2025, in comparison with the corresponding JTWC
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best track RMW! (Howell et al. 2025). The consensus RMW dataset shows a frequency
distribution that differs from the JTWC RMW dataset. In particular, pronounced
differences are found in two regions: area I, defined by Viax = 10-40 m s™! and RMW =
12.5-35.0 km, and area II, defined by Vimax = 40—-60 m s~ and RMW = 60—120 km. Area
I is characterized by the absence of a distinct frequency peak in the JTWC RMW dataset,
whereas a clear frequency peak appears in each Vmax bin in the consensus RMW dataset.
The presence of these frequency peaks is consistent with SAR observations for cases with
Vimax > 20 m s~!, although further verification is needed because the consensus RMWs for
weak storms tend to have negative biases (Fig. 10b). Area II is characterized by very few
samples in the JTWC RMW dataset, but by moderate frequencies in the consensus RMW
dataset, in agreement with SAR observations. In reality, cases with Viax = 50 m s™! and
RMW = 100 km have been observed (e.g., Typhoon Trami 2018; Hirano et al. 2022),
suggesting that the consensus RMW dataset is capable of realistically representing a wide
range of RMW values.

Figure 14 compares the bias and absolute error of the JTWC and consensus RMWs
against SAR-derived RMWs. The consensus RMW dataset generally has a narrower

range of boxplot whiskers for both bias and absolute error. In particular, both the mean

I JTWC best track RMWs have been included in the dataset since 2001.
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and median of the absolute error are smaller for the consensus RMWs than for the JTWC
RMWs, indicating that the consensus RMW dataset has better accuracy. Note that the
JTWC RMW values included in the best track dataset are not reanalyzed after the season
and have been estimated without SAR observations, except in very recent years (Howell
et al. 2025). Furthermore, very small and large RMW estimates tend to be avoided for use
in TC vitals and guidance suites. These factors likely contribute to the large difference in
RMWs between the consensus and JTWC datasets.

The new RMW dataset may alter the climatology of TC RMWs in the western North
Pacific. In particular, since this dataset extends back to the 2000s, a period during which
SAR observations were unavailable, the representation of small RMWs, which may not
have been captured in previous datasets and studies, is expected to be substantially

improved. A detailed evaluation and further analyses will be conducted in a future study.

7 Summary

Given the importance of RMW information for a wide range of applications, there is
a need to develop new techniques and to construct a long-term, homogeneous RMW
dataset (Rogers et al. 2023; Ito et al. 2025). Although multiple RMW estimates using

different methods have been available for the same analysis time based on previous
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studies, no consensus method suitable for RMW estimation has been developed to obtain
a single RMW estimate from multiple estimates.

To this end, this study develops a consensus method based on a Bayesian framework.
In the consensus approach, the posterior probability distribution of the RMW given
multiple RMW estimates is estimated using likelihoods constructed from method-specific
error distributions combined with an outlier distribution, and the final RMW is
determined as the MAP estimate. By explicitly accounting for an outlier distribution, the
consensus method can appropriately determine a reasonable RMW close to one of the
clusters even when the estimates split into two distinct clusters.

Using this method, we construct a long-term RMW dataset at 3-h intervals for 631
TCs in the western North Pacific during 2000-2025. As consensus members, the input
estimates include those from methods using a satellite-based global precipitation dataset
(RMWZSE.p and RMWZ8,.p), methods based on IR and PMW satellite data when an
eye is observed ( RMW;g and RMWpyw ), @ modified Rankine vortex method
(RMWgS* . ), and an ERA5-based method (RMWL,s). Verification of the consensus
RMW estimates shows that errors decrease with increasing TC intensity and posterior

probability, and that the posterior probability itself serves as an indicator of estimate

reliability. This new RMW dataset enables a more realistic representation of the inner-
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core structure, particularly for small RMWs that were difficult to estimate without aircraft

observations before the advent of SAR-derived winds.

Because the proposed Bayesian consensus method allows the incorporation of any

available estimates with their associated error characteristics, observation-derived RMWs,

such as those obtained from SAR, ASCAT, and L-band radiometers, can also be included

in the consensus framework, in addition to the RMW estimates used in this study, if long-

term homogeneity of the final RMW estimates is not strictly required. Incorporating such

additional RMWs would likely further reduce the overall estimation error compared with

that of the dataset constructed in this study and would be useful for operational

applications. Although this study focuses on TCs in the western North Pacific, the

proposed framework can be readily applied to TCs worldwide. This extension is left for

future work. The proposed framework provides a practical basis for improving RMW

estimation and supporting both research and operational applications.
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Appendix A

List of the notation used in this paper.

Ry, Radius of the 12 m s azimuthally averaged V'gras.
Rrgao Radius of the azimuthally averaged brightness temperature at —40°C.
Rcand Candidate RMW.

R Radius of the minimum enclosing circle of the —45°C IR brightness
e temperature contour.

RERAS RMW derived from the ERAS wind field.
Radius of maximum azimuthally averaged precipitation within 300 km

Ry
of the TC center.

p

The first, second, and third peaks of the azimuthally averaged
Rmpla RmpZa Rmp3 s .
precipitation beyond a radius of 10 km.

Rmp—1ocal Radius of maximum local precipitation.
RMWZD, s RMW estimate using ERAS wind data for TD strength.
RMWZIR,.p RMW estimate using GSMaP data for TD strength.
RM Wgssﬁap RMW estimate using GSMaP data for TS strength and above.
RMWi RMW estimate using IR satellite data.

RMWppmw RMW estimate using PMW satellite data.
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RMW estimate using a modified Rankine vortex profile and ERAS5

TS
RM WRar;Lkine
wind data for TS strength and above.
VERAS ERAS5 10-m wind speeds.
V'eraAs Bias-corrected Vggas.
VmERAS Vmax derived from the azimuthally averaged V'ggas.
Appendix B

The error distribution term of the RMWZiw.p and RMWIR.p likelihoods is

specifically derived as follows:

i)

iii)

Linearly normalize the 12-h running mean precipitation in step (i) of section 3.2
by its maximum value within a radius of 400 km from the TC center at each time
(Fig. 7a).
Relocate the normalized precipitation using an equation consistent with Eq. (1):
r'= 0597 + 4.68

where 7' is the relocated radius (Fig. 7b). For example, precipitation originally
located at » =100 km is relocated to ' = 63.68 km.
Further normalize the precipitation relocated in step (ii) to follow a normal-
distribution-shaped function defined as

— PR")?

(1
PRy = exp |— 552

nml

where PR’ is the normalized precipitation derived in step (i), and o, = 0.3.
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The value of oy, is chosen so that the maximum likelihood derived in step (v)
becomes comparable to those of other methods (0.03—0.1). This normalization is
necessary because the PR’ distribution yields a maximum likelihood of only
~0.01, which is much smaller than those of other methods (Figs. 3f and 5).
Apply a correction to the PR, distribution to address the constraint that
RMW_ Sk o is set to 19 km when Rmp < 16 km (Sect. 3.2). Here, the derivation of
Rmp follows the same procedures as in Sect. 3.2, except for step (iii), which is
redefined as follows: When Rnp < 10 km, compute the radius of maximum
azimuthally averaged precipitation prior to applying a 12-h running mean (Rr%rs ),
and set Rimp to the smaller of Rmp1 and R&rs that lies between 10 km and 40 km;
if no such value exists, Rmp remains unchanged. Then, the PR, distribution is
corrected as follows:

® When Rmp < 16 km:

(r—p)?

exp | — 202 )

PRym1 =

(r—w)?
max | exp T o7 , PRy |, r > 19 km

where 4 =19 kmand o =10.617, corresponding to the standard deviation

of the RMW(dnap error distribution (Table 1).

® When Rmp = 16 km:
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ex —M r < 15km
PRy = {7°%P|” 262 |’ = (B2)

PRy r > 15km

where y, = PRy, evaluated at » = 14 km in step (iii), 4 = 14 km, and o
is the same as that defined above.
V) Divide the PR, distribution by its sum over the range 0—300 km to obtain the
error distribution term of the RMW_.p likelihood (Fig. 7c).

For the error distribution term of the RMWIR.p likelihood, step (i) above is
applied to obtain PR,,,;,;. Steps (i) and (iii) are skipped. In step (iv), when Riyp < 20 km,
the same correction as Eq. (B1) is applied. When Rnp = 20 km, a correction based on
Eq. (B2) with g = 19 km is applied for r < 19 km. Step (v) is then applied. The

maximum likelihood is less than ~0.01, which is comparable to that of RMWgias (not

shown).
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Figure Legends

Fig. 1 (a) Scatter plot of Rmp (km) versus SAR-derived RMW (km). Black circles denote

samples used in the regression (red line), and white circles denote excluded samples.
(b) Distribution of RMWgsnap errors (km), with Gaussian fits for all samples
(gray) and for samples excluding outliers determined by a threshold value of 28.8
km (red). Sample size (), median absolute deviation (MAD), criterion for outlier

exclusion (+1.6456map), mean absolute error (MAE), and correlation coefficient

(Corr) are shown. MAE and Corr are calculated using all samples, including outliers.

Fig. 2 (a) Scatter plot of RMW¢a.p (km) versus ASCAT-derived RMW (km). The blue

shading indicates kernel density estimation (X 107> km™). (b) Distribution of
RMW{S,.p errors (km), with Gaussian fits for all samples (gray) and for samples
excluding outliers determined by a threshold value of 202.5 km (red). Sample size
(N), median absolute deviation (MAD), criterion for outlier exclusion
(£1.6456Mmap), mean absolute error (MAE), and correlation coefficient (Corr) are

shown. MAE and Corr are calculated using all samples, including outliers.

Fig. 3 (a) Scatter plot of IMA Vimax (m s ) versus SAR-based Vimax (m s!) derived from
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the azimuthally averaged wind speed. The dashed line denotes the 1:1 line. (b) Two-
dimensional histogram of Vggras and SAR wind speeds sampled outside Rmeras.
The black line indicates the regression given by Eq. (3). (¢) Example of radial
profiles of the azimuthally averaged SAR wind speed (red), Vgras (green), V'gras
(blue), and the modified Rankine vortex (black) constructed using a determined
from Ri2, Rmeras, and Vi,gras. (d) Scatter plot of RM Wg;;kine (km) versus SAR-
derived RMW (km). (e) Scatter plot of the mean of RMWgariine and RMW s p
(km) versus SAR-derived RMW (km). (f) Distribution of RM ngnkine errors (km),
with Gaussian and log-normal fits. Gaussian fits are derived from all samples (gray)
and from samples excluding outliers determined by a threshold value of 31.3 km
(red). The log-normal fit (blue) is derived from samples with € <14.0 km (N=106).
Sample size (N), median absolute deviation (MAD), criterion for outlier exclusion
(£1.6456Mmap), mean absolute error (MAE), and correlation coefficient (Corr) are
shown. MAE and Corr are calculated using all samples, including outliers. In (a—b),
the samples are taken from the period 2015-2023, whereas the samples in (d—f) are

taken from the period 2015-2024.

Fig. 4 (a) Scatter plot of RMWgss (km) versus the ASCAT-derived RMW (km). The
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blue shading indicates kernel density estimation (X 10> km). (b) Distribution of
RMWZD, s errors (km), with Gaussian fits for all samples (gray) and for samples
excluding outliers determined by a threshold value of 180.8 km (red). Sample size
(N), median absolute deviation (MAD), criterion for outlier exclusion
(£1.6456Mmap), mean absolute error (MAE), and correlation coefficient (Corr) are

shown. MAE and Corr are calculated using all samples, including outliers.

Fig. 5 (a) As in Fig. 3f, but for RMW (km). The log-normal fit (blue) is derived from

Fig.

Fig.

samples with € <9.0 km (N = 67). (b) As in Fig. 3f, but for RMWpyyw (km). The

log-normal fit (blue) is derived from samples with € <7.0 km (N = 123).

6 (top) Posterior probability distributions obtained with and without an outlier
distribution. (bottom) Individual error distributions corresponding to the RMW

estimates.

7 Hovmoller diagrams of (a) linearly normalized precipitation, (b) relocated
precipitation, and (c) the error distribution term of the RM ngﬁap likelihood for

Typhoon Mawar (2023).
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Fig. 8 Hovmoller diagrams of the posterior probability distribution of the RMW (a) before

Fig.

Fig.

Fig.

and (b) after smoothing for Typhoon Mawar (2023).

9 Relationships between (a) IMA Vmax (m s!) and bias (consensus minus SAR-
derived RMW:; km) and (b) posterior probability and bias (km). Black circles denote

dependent samples, and red circles denote independent samples.

10 (a) Scatter plot of SAR-derived RMW (km) versus consensus RMW (km). The
dashed line denotes the 1:1 line. Sample size (V), mean absolute error (MAE), root-
mean-square error (RMSE), bias, correlation coefficient (Corr), and coefficient of
determination R? are shown. (b—c) Boxplots of absolute errors stratified by IMA Viax
(m s™!) and posterior probability, respectively. A cross denotes the MAE for each

group, and circles denote outliers. Sample size (V) and bias are shown.

11 Temporal evolution of the consensus RMW estimates (thick black line) together
with the individual estimates for Typhoon Mawar (2023). White circles denote SAR-

derived RMWs as reference.
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Fig. 12 (a) As in Fig. 11, but for Tropical Storm Barijat (2024). Vertical lines indicate the

times shown in (c) and (d). The Vmax of 18 m s™! at 0600 UTC 5 October results from
extrapolation during the TD stage (see Sect. 2). (b) Hovmoller diagram of the
posterior probability distribution of the RMW. The thick black line denotes the
radius of maximum posterior probability. (c—d) ASCAT wind fields at ~2330 UTC 4
October and ~2310 UTC 7 October, respectively, with the corresponding visible
imagery overlaid. The yellow circles indicate a radius of 50 km in (c), and radii of
100 km and 300 km in (d). In (d), the TC center in the ASCAT wind field appears
displaced from that in the visible imagery, possibly due to the coarse spatial

resolution of ASCAT (25 km).

Fig. 13 Two-dimensional histograms of 6-hourly (a) JTWC Vimax (m s7!) versus consensus

RMW (km) and (b) JTWC Viax (m s7') versus JTWC best track RMW (km) during
2001-2025. White circles denote SAR-derived RMWs and their corresponding
JTWC Vmax values during 2015-2025. Black and red boxes indicate areas I and II,

respectively.



1053  Fig. 14 Boxplots of (a) bias and (b) absolute error of JTWC and consensus RMWs against

1054 SAR-derived RMWs, stratified by Saffir-Simpson hurricane wind scale categories
1055 based on JTWC Vmax. A cross denotes the MAE for each group, and circles denote
1056 outliers. Sample size (V) is shown below the category name. The numbers indicated
1057 in teal represent out-of-range outliers beyond +100 km.
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1060 Tables

1061  Table I: Error distribution parameters of the RMW estimation methods used in the

1062 consensus framework.

Estimates Applicable case  Error distribution  u [km] okm] U J[km]
RMWESE o Vmax>18ms™ Normal 1359  10.617 -
RMWESp  Vmax<20ms™ Normal -5.977 81914 -
RMWgShine  Vmax>18ms™ Log-normal 2981  0.776 14
RMWgas Vinax <20m s Normal —3.846  67.849 —~

RMWg Dvorak eye Log-normal 2066  0.599 9
pattern

RMWppw Vinax >33 ms™! Log-normal 2.045 0.518 7
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