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Abstract: Using the International Best Track Archive for Climate Stewardship (IBTrACS) dataset,
this study assessed the surface wind fields from high spatial resolution Synthetic Aperture Radar
(SAR) observations, the fifth generation ECMWF reanalysis for the global climate and weather (ERA5)
data and the Tropical Cyclone Winds and Inflow Angle Asymmetry (TCIAA) wind model. The
results showed that SAR data are sufficient to reveal the surface wind field near a TC center and
can accurately describe TC intensity and size under severe TC conditions. Then, a new, improved
statistical wind structure model was set up using ERA5 data alone based on the assessment. In
addition, the warm sea surface (SST > 26.5 ◦C) produced stronger TC wind fields and heavier
precipitation. When the SST was higher (lower), the heavy rainfall was located on the left (right) side
of the TC track and the strong positive correlation between wind speed and precipitation increased
as the SST decreased.

Keywords: tropical cyclone; TC surface wind field model; synthetic aperture radar; TC rainfall

1. Introduction

A tropical cyclone (TC) is a cyclonic vortex with a warm core structure that usually
originates over warm tropical oceans. TCs are one of the most damaging natural disasters
in the world. TCs always bring heavy rainfall, gale force winds and large storm surges that
can lead to urban waterlogging, flooding and property damage and can threaten the lives
of coastal residents [1,2]. Taking China as an example, the direct economic losses resulting
from TCs were estimated to be 6 billion dollars per year and these losses have increased
significantly in recent decades [3]. Both theoretical studies and model simulations indicate
that both the intensity of TCs and the frequency of more severe TCs are increasing as the
global temperature rises [4–7]. As a result, global warming will lead to an increase in the
TC destructiveness [6,8]. Further, because coastal populations continue to increase, there is
a growing probability of a substantial increase in TC-related loss of life and property [9].

In order to reduce the losses caused by TCs, better TC prediction and warning is of
extreme importance. To improve our predictive ability regarding TCs, the two following
aspects are useful: the first is to improve the description of the TC structure and intensity,
and the second is to obtain a more accurate and reliable ocean initial field, both of which
can improve the simulation of air–sea interactions under TC conditions [10,11]. Both of
these require improving the accuracy of the TC wind field model [12].

The early empirical models, such as the Batts model, were built based on probabilistic
models which were first developed by Russell [13]. These empirical models were based on
both the climatological characteristics of TCs in a specific ocean basin, and Monte Carlo
simulation [14]. Although the empirical models are easy to follow, their results are strongly
ocean-basin dependent. Then, developed empirical models such as the Holland model were
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built to add the atmospheric pressure field into the gradient wind equation to describe the
wind profile and physical parameters of the TCs better [15]. However, the Holland model
needs accurate observations and an empirical relationship between pressure profile and
radius, both of which are difficult to obtain. Some wind field models, such as the Shapiro
model [16] and the Yan Meng model [17], were also built up by solving the momentum
equations and assuming a constant boundary layer depth. Due to the lack of observational
data over the last century, these wind field models can still be refined to better match
the structure of a TC. With an increase in higher resolution data, such as Multiplatform
Tropical Cyclone Surface Wind Analysis (MTCSWA) and buoy observations, new statistical
models have advanced. For example, there are now symmetric wind field models [18], an
inflow angle asymmetry model (TCIAA model) [19], a decomposed TC boundary layer
model [20,21], and a height-resolving, linear analytical model of the boundary layer [22].
These newly developed models provide a relatively accurate description of the entire
surface wind field of a TC.

To better describe the TC wind structure, an understanding of the interaction between
TCs and the upper ocean is also important. TCs typically cause a severe disturbance in the
upper ocean and create a cold wake, and strong TCs can induce more cooling. Conversely,
the ocean also influences the intensity of TCs [11]; high Sea Surface Temperature (SST) over
the path of a TC induces a stronger storm. In addition, TC precipitation that occurs over the
ocean is not only associated with TC intensity, but also with SST through TC driven changes
to the sensible heat flux and post-cyclone mixing depth [23–25]. However, the relationship
between TC wind fields and SST is complicated and needs to be explored further.

Synthetic Aperture Radar (SAR) is an active observation system that has been installed
on numerous platforms such as aircraft or satellites. Because of its high spatial resolution,
large coverage area, and it being less affected by clouds, SAR has been widely used to
measure atmospheric and oceanic phenomena [26]. For TC observation, the ocean surface
wind vectors from combined co-polarized and cross-polarized SAR measurements have
high spatial resolution with high accuracy for winds larger than 25 m/s under severe TC
conditions [27]. Using the accurate SAR ocean surface wind fields, the reanalysis data and
model simulated wind fields will be assessed and used to derive an improved statistical
model of TC wind structure. In addition, the relationship among TC winds, SST and TC
rainfall will also be addressed.

2. Data and Methods
2.1. Dataset
2.1.1. Synthetic Aperture Radar (SAR)

Wind speeds from dual-polarized SAR are used in the study. The dual-polarized SAR
combined both co-polarized and cross-polarized channels to make a wind speed observation.
The previous study showed that co-polarization (VV or HH) worked well under low to
moderate wind speeds, but the sensitivity decreased at high wind speeds [28,29]. Although
cross-polarization (VH or HV) exhibited improved sensitivity compared with co-polarization,
the combination of both channels, i.e., the dual-polarized SAR, had quite high accuracy for
wind speeds larger than 25 m/s [27]. The spatial resolution of the SAR wind field was also
quite high and could reach to about 100 m. We obtained 121 data files from SAR for TCs. TCs
that were located in the Eastern Pacific and files with missing values which led to incomplete
TC coverage were deleted. As a result, the SAR dataset for this study included 44 different
observation times for 28 different TCs observed in the Western North Pacific (WNP) between
2012 and 2020. The derived wind speeds in SAR data were averages over 2–3 min. During
the calculation, all the wind speed data were interpolated onto a 0.05◦ × 0.05◦ grid.

2.1.2. International Best Track Archive for Climate Stewardship (IBTrACS)

IBTrACS provides the location and intensity for global tropical cyclones. The World
Meteorological Organization Tropical Cyclone Programme has endorsed IBTrACS as the
official archiving and distribution resource for the best track tropical cyclone data [30–32].
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From the physical parameters provided by the Joint Typhoon Warning Center (JTWC) in
the IBTrACS dataset, we chose the location, radius of maximum wind, minimum sea level
pressure, pressure of the last closed isobar and the radius of 34 kt (about 17 m/s) wind
speed in each of the four quadrants for the current study.

2.1.3. GPM_3IMERGHH

Half-hourly precipitation data at 0.1◦ × 0.1◦ spatial resolution were taken from the
Global Precipitation Measurement (GPM) dataset that uses the Integrated Multi-satellitE
Retrievals for GPM (IMERG) to calculate the precipitation from the observation of various
precipitation-relevant satellites [33].

2.1.4. ERA5 Reanalysis Data

The hourly 10 m eastward (u) and westward (v) components of wind were taken from
ERA5, which is the fifth generation ECMWF reanalysis of the global climate and weather for
the past 4 to 7 decades. The spatial resolution of the ERA5 wind field is 0.25◦ × 0.25◦ [34].

2.1.5. COBE Sea Surface Temperature

The monthly COBE SST dataset with a spatial resolution of 1◦ × 1◦ was used in this
study to characterize the upper ocean’s thermal state. COSE SST is also the input for the
JMA Climate Data Assimilation System (JCDAS) and the Japanese 25-year Re-analyses
(JRA-25 and JRA-55) [35].

2.2. Methods
2.2.1. Data Analysis and Statistical Methods

As described above, based on limitations in the data, 44 different severe TC observation
times during 28 different TCs over the Western North Pacific Ocean were used in this study,
and the tracks of those TCs are shown in Figure 1. The translation speed and direction of
each TC can be estimated from the IBTrACS data. Wind speeds, longitude and latitude can
be measured from SAR data, and the center location (location of the minimum wind speed
in a TC center), the maximum wind speed, the Radius of Maximum Wind speed (RMW),
which is the distance between the maximum wind speed and TC center, and the radius of
gale-force wind of each TC were calculated. The wind field and precipitation data were
interpolated onto a 0.05◦ × 0.05◦ grid for subsequent analysis and comparison.
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Remote Sens. 2023, 15, 2808 4 of 12

2.2.2. TCIAA Model

The TCIAA (Tropical Cyclone Winds and Inflow Angle Asymmetry) model decom-
poses the SAR-derived winds into vortex rotational winds and a TC motion vector which
represents the asymmetrical surface wind structure [19]. The TCIAA surface wind vector is
obtained by superimposing the surface motion vector onto the rotation wind of a symmetric
TC vector as: →

U(r, θ) = (U · sin αSR, U · cos αSR) =
→

Um(r) +
→
Vb (1)

where
→

Um(r) is based on the Rankine vortex and is a function of the maximum wind speed,

RMW, and a fitting parameter, α,
→
Vb is the surface motion vector of the TC, and r and θ

are the radial distance to the center and the angle to the east. In this paper, the RMW,
maximum wind speed, α, and surface motion vector are assumed to be given initially, so
the hypothesized TCIAA wind field structure is defined temporally. Then, by fitting the
reconstructed wind field to the SAR surface wind field, the parameters RMW, max wind

speed (
→

Um(r)), α, and surface wind motion vector (
→
Vb) can be determined by the values

where the standard deviation is the smallest and the correlation coefficient is the largest.
Once these parameters have been obtained, the TCIAA wind speed field can be constructed
from Equation (1).

3. Results
3.1. Wind Field Comparison

TCs are considered to be intense when they have a small inner-core (or small RMW)
and higher maximum winds [36,37]. The TC size can also be represented by R17, which is
the radius of the outermost circulation. There were several snapshots (belonging to 12 TCs)
with missing values below 30%, and so we first chose one time from each TC as examples.
To see the relationship between TC winds and SST, the above 12 times were further divided
into two categories based on SST: one was located on the cooler sea surface (SST < 26.5 ◦C),
and the other was located on the warmer (SST > 26.5 ◦C). The wind fields within 3 radii of
the maximum wind (3RMW) from the SAR, ERA5, and TCIAA models over both colder
and warmer surface water are shown in Figures 2 and 3, respectively. The three physical
parameters calculated from the different products are shown in Figure 4.
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Figure 4. The (a) RMW, (b) maximum wind speed, and (c) R17 for the 12 different TC times in
Figures 2 and 3 from the three data products: SAR, ERA5, and TCIAA models. The red dashed lines
represent the average values.

The 12 TC samples of SAR TC wind fields show the entire structure of the wind within
3RMW, with clearly visible TC eyes with calm winds (Figures 2 and 3). The double eyewall
in some TCs can also be seen in the higher resolution SAR data, but cannot be resolved in
either of the other data products. Ten TCs have maximum wind speeds exceeding 50 m/s.

The JTWC data are taken as the reference, and we calculated the three parameters
for all 44 TC times. The standard deviation of the maximum wind speed in SAR, ERA5,
and TCIAA was 11.32, 5.8, and 12.69, with their average values of maximum wind be-
ing 56.71 m/s, 26.26 m/s, and 50.11 m/s, respectively. The corresponding correlation
coefficients with the JTWC data were 0.71, 0.58, and 0.68, respectively. The normalized
Taylor diagram of the maximum wind speed also demonstrated that SAR shows the best
agreement, TCIAA shows the medium, and ERA5 shows the worst (Figure 5a).
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Figure 5. The normalized Taylor diagram of (a) the maximum wind speed, (b) RMW, and (c) R17
between SAR, ERA5, TCIAA, and JTWC data for all the 44 TC times.

We also compared the inner-core and the outermost circulation of the 44 TC snapshots
to JTWC. The mean and standard deviation for RMW/R17, as well as the correlation coeffi-
cients with JTWC, were also presented in Table 1. The RMW and R17 of the normalized
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Taylor diagram showed that the ranking from the best to the worst was TCIAA, SAR, and
ERA5 for RMW, while the ranking was ERA5, SAR, and TCIAA for R17 (Figure 5b,c). Based
on the evaluation of the maximum wind speed and RMW together with R17, the compre-
hensive assessment demonstrated that SAR was the best overall product for describing the
intensity and structure of TCs.

Table 1. The RMW, maximum wind speed and R17 statistics for all 44 different TCs in the following
products: SAR, ERA5, and TCIAA models.

RMW Vmax R17

Mean 47.37/116.1/44.64 56.71/26.26/50.11 273.96/357.77/557.46

Standard deviation 36.62/59.43/35.72 11.32/5.8/12.69 101.29/104.41/344.85

Correlation with
JTWC 0.24/0.06/0.28 0.71/0.58/0.68 0.8/0.86/0.64

The above 44 TC times were all rotated into an along-track and cross-track coordinate
system so that the TCs all moved along the y-axis. The resulting composite TC maps for
the three products are shown in Figure 6. The spatial patterns for all data products were
quite similar. However, while the TC magnitude in both SAR and TCIAA was similar,
the TC magnitude in the ERA5 product was much smaller (which agreed with a previous
study [38]). Note that the TCIAA model is based on SAR observational data and could be
used to replenish missing values in SAR images.
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Considering that SAR data are not available for all TCs, while ERA5 data are, we
further tried to construct a new TC model based on ERA5 data alone using the above
assessment. We first randomly selected 30 times from the 44 TC times and constructed an
empirical relationship between SAR observations and the other data products, including
the TCIAA model and the reanalysis data mentioned above. We assumed the form of

New model = a ∗ ERA5 +
(

TCIAA
ERA5

)α
+ b. Note that the first two model terms have been

set to ensure that both the spatial pattern and the magnitude in the new wind product are
similar to SAR. We derived a, b, and α when the correlation coefficient was the largest and
the standard deviation was the smallest between the new data and the corresponding SAR

observation. The derived model was New model = 1.6× ERA5 +

(
TCIAA

v1
ERA5

v2

)0.7
+ 1, where

v1 and v2 were the maximum wind speed in the TCIAA model and ERA5 data, respectively.
The empirical relationship between the average coefficients TCIAA

v1 and ERA5
v2 on each grid

was computed and is presented in Figure 7. The scatter diagram shows a rough quadratic
relationship, so a quadratic fitting was used to obtain the general relationship between
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these coefficients. As a result, the final new TC model for the ERA5 data product was
New model = 1.6× ERA5 +

(
0.55x + 0.36

x + 0.14
)0.7

+ 1 where x = ERA5
v2 .
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The remaining 14 TC times were used to assess the accuracy of the new ERA5 fitted
model. It can be seen that the new model did a much better job describing the average TC
wind field than the ERA5 data (Figure 8). In particular, both the spatial distribution and the
location of maximum wind speed agreed well with the SAR wind field. The correlation
coefficient between the new ERA5 model and the SAR was 0.92 (statistically significant at
the 90% confidence level), suggesting that the new model using only ERA5 inputs can be
used to reconstruct a reasonably accurate structure of the TC wind field.
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3.2. The Influence of SST on TC Wind Field and Precipitation

When a TC passes over the sea surface, the high wind speed increases the evaporation
rate and provides moisture that feeds the TC rainfall. In addition, strong vertical motions
in the convective system of a TC can transport horizontal momentum downward to the
low layers and increase the wind speed near the surface [39]. Consequently, the interaction
between precipitation and the wind field is quite complex.

Figure 9 shows the average distributions of SAR wind speed and GPM precipitation
for all 44 TC times. It was found that the larger precipitation value was located in the
front right quadrant of the TC’s motion. The correlation coefficient between winds and
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precipitation was 0.669, which is significant at the 90% confidence level. This verifies that
TC rainfall is larger when the TC wind speed is stronger.

Remote Sens. 2023, 15, x FOR PEER REVIEW 10 of 13 
 

 

motions in the convective system of a TC can transport horizontal momentum downward 
to the low layers and increase the wind speed near the surface [39]. Consequently, the 
interaction between precipitation and the wind field is quite complex. 

Figure 9 shows the average distributions of SAR wind speed and GPM precipitation 
for all 44 TC times. It was found that the larger precipitation value was located in the front 
right quadrant of the TC’s motion. The correlation coefficient between winds and precip-
itation was 0.669, which is significant at the 90% confidence level. This verifies that TC 
rainfall is larger when the TC wind speed is stronger. 

 
Figure 9. The distribution of (a) wind field from SAR and (b) precipitation from GPM. The storm 
has been rotated into along−track coordinates with the y−axis in the direction of TC translation. 

Generally, a warmer ocean enhances tropical cyclones and provides more rainfall. 
However, both tropical cyclone winds and rainfall can cool the sea surface by entrainment 
and heat flux exchange processes. How SST influences the correlation between TC winds 
and precipitation is not yet clear. Therefore, the 44 severe TC times were divided into two 
categories based on whether the underlying along−track SST was greater than or less than 
26.5 °C. Overall, there were 11 TC times in which the underlying SST was lower than 26.5 
°C and 33 times when it was higher than 26.5 °C. The distributions of the TC average 
surface wind field and precipitation are shown in Figure 10. 

 

Figure 9. The distribution of (a) wind field from SAR and (b) precipitation from GPM. The storm has
been rotated into along-track coordinates with the y-axis in the direction of TC translation.

Generally, a warmer ocean enhances tropical cyclones and provides more rainfall.
However, both tropical cyclone winds and rainfall can cool the sea surface by entrainment
and heat flux exchange processes. How SST influences the correlation between TC winds
and precipitation is not yet clear. Therefore, the 44 severe TC times were divided into
two categories based on whether the underlying along-track SST was greater than or less
than 26.5 ◦C. Overall, there were 11 TC times in which the underlying SST was lower than
26.5 ◦C and 33 times when it was higher than 26.5 ◦C. The distributions of the TC average
surface wind field and precipitation are shown in Figure 10.
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In the SAR data product, the maximum wind speed was located in the front right
quadrant of the TC’s track (Figure 10a), independent of the SST. It is interesting to note
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that the TC’s intensity was weaker (stronger) when SST was cooler (warmer) than 26.5 ◦C
(Figure 10a vs. Figure 10b). For TC rainfall, the most intense precipitation always appeared
in the front left quadrant of the TC’s track when the sea surface was warmer, while the most
intense precipitation was weaker and appeared to the right of the TC’s track when the sea
surface was cooler (Figure 10g,h). The spatial correlation coefficient between precipitation
and TC wind speed from SAR was 0.748 (0.649) when the SST was cooler (warmer) than
26.5 ◦C. This result suggests that the wind is a more important factor in influencing TC
rainfall than SSR under cooler sea surface conditions. The results are similar when using
the wind product from the new ERA5 fitted model. It is worth mentioning that the TC
rainfall asymmetries can also be affected by vertical wind shear and storm motion [40,41].
Therefore, these factors need to be further investigated in the future.

4. Conclusions

The surface wind field data from high resolution synthetic aperture radar (SAR)
with ERA5 reanalysis, and the TCIAA model simulation were used to analyze TC wind
structures over the Western North Pacific between 2012 and 2020. Our results suggest that
SAR data can accurately estimate the surface wind field structure and give good estimates
of the maximum wind speed, RMW, and R17.

Based on the differences between ERA5 and SAR for TC winds, a new model for TC
winds was developed to use ERA5 reanalysis data alone. Our results indicated that this
new ERA5 fitted model could provide an accurate estimation of the TC wind field. This
model was able to accurately reconstruct the TC wind structure for all TC snapshots, with
improved wind speeds estimated compared to the ERA5 data. Limited by the quantity of
severe TCs observed by SAR, as well as the missing values in SAR data, there might be
some differences in some of the TC times. As a result, with new methods such as machine
learning, as well as more observational data available in the future, the TC wind field
model should also be further investigated and developed.

When a TC propagates over a warmer sea environment (SSTs higher than 26.5 ◦C),
the wind field is stronger and the rainfall is more intense. There is also a strong positive
correlation between wind speed and precipitation under TC conditions, with the correlation
being higher under cooler sea surface conditions.

The relationship between wind and precipitation involves complicated dynamic and
thermodynamic processes. In addition, the rain perturbations can result from changes in the
sea surface roughness by impinging drops and can influence the wind vector retrieval [42]. As a
result, their connection needs to be further explored. We expect that improving the knowledge
of this relationship can be useful for reconstructing better TC wind fields in the future.
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