
Estimating the True Maximum Sustained Wind Speed of a Tropical
Cyclone from Spatially Averaged Observations

DAVID MAYERS AND CHRISTOPHER RUF

University of Michigan, Ann Arbor, Michigan

(Manuscript received 16 July 2019, in final form 21 December 2019)

ABSTRACT

The maximum sustained wind speed Vm of a tropical cyclone (TC) observed by a sensor varies with its

spatial resolution. If unaccounted for, the difference between the ‘‘true’’ and observed Vm results in an error

in estimation of Vm. Themagnitude of the error is found to depend on the radius ofmaximumwind speedRm

and Vm itself. Quantitative relationships are established between Vm estimation errors and the TC char-

acteristics. A correction algorithm is constructed as a scale factor to estimate the true Vm from coarsely

resolved wind speed measurements observed by satellites. Without the correction, estimates of Vm made

directly from the observations have root-mean-square differences of 1.77, 3.41, and 6.11m s21 given obser-

vations with a spatial resolution of 25, 40, and 70 km, respectively. When the proposed scale factors are

applied to the observations, the errors are reduced to 0.69, 1.23, and 2.12m s21. A demonstration of the

application of the correction algorithm throughout the life cycle of Hurricane Sergio in 2018 is also presented.

It illustrates the value of having the scale factor depend on Rm and Vm, as opposed to using a fixed value,

independent of TC characteristics.

1. Introduction

Spaceborne remote sensing is an excellent way to

provide worldwide measurements of geophysical pa-

rameters, especially in remote locations. Satellite mea-

surements are made at a variety of different spatial

resolutions. When measurements of the same scene at

different resolutions are used to estimate a characteris-

tic, how are they to be compared? This paper examines

this question for the case of measurements of ocean

surface wind speed near a tropical cyclone (TC) that are

used to estimate the 1-min maximum sustained wind

speed Vm. The Vm, the basis for the Saffir–Simpson

scale, is one of the primarymetrics used to determine TC

intensity. Scale factors are developed and used to es-

timate high-resolution Vm from low-resolution wind

speed measurements. The scale factor is shown to be a

function of storm intensity as well as the size of the

pocket of highest wind speeds (the radius of maximum

winds will be used as a proxy for this). We examine the

dependence of the scale factor on these two TC prop-

erties and consider what information about a TC is lost

by measuring at low resolution.

The idea of converting TC intensity parameters be-

tween spatial scales is similar to gust factors, which

convert maximum sustained winds defined with respect

to different temporal averaging intervals (e.g., between

a 1- and 10-min-averaged gust). Gust factor is a well-

established and well-researched topic (Harper et al.

2010), but little detailed research has been done for a

similar idea concerning spatial averages. Gust factor is

dependent on numerous other inputs, including the

roughness length (exposure), distance from an upstream

terrain change, stability, height above sea level, and,

potentially, the presence of convection (Paulsen and

Schroeder 2005). Similarly, this paper investigates the

various dependencies of a spatial scale factor for Vm.

The ideas presented in this work are relevant to re-

mote sensing measurements that attempt to use spa-

tially coarse wind speed measurements to estimate a

‘‘true’’ (i.e., very high resolution) TC parameter. One

class of such instruments is the scatterometer, which

relates wind speed to the roughness of the ocean sur-

face via Bragg resonance of the backscattered signal

(Hilburn et al. 2006). Scatterometers typically operate
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at microwave frequencies with wavelengths of between

2 (Ku band) and 5 (C band) cm. It is worth noting that C

band and Ku band are attenuated and scattered by

raindrops (Ku band more than C band), and scatter-

ometers also suffer from reduced performance in rain

because of outflow from storms and the ‘‘splash effect’’

of raindrops roughening the ocean surface (Hilburn

et al. 2006; Portabella et al. 2012; Stiles and Yueh

2002; Weissman and Bourassa 2008). Also, many

scatterometers saturate at wind speeds above ;30ms21

(Donelan et al. 2004; Hwang et al. 2013), although cross-

polarization scatterometers have recently been shown

to retain sensitivity to high wind speeds (Mouche et al.

2017). Examples (note that most acronyms in this paper

that are not defined can be found online at https://

www.ametsoc.org/PubsAcronymList) of scatterometers

include ASCAT (C band, at ;25-km resolution; Figa-

Saldaña et al. 2002), QuikSCAT (Ku band, at ;25-km

resolution; Draper and Long 2002), Sentinel-1 syn-

thetic aperture radar (SAR) (Attema et al. 2007), and

RapidScat (Ku band, at ;20-km resolution; Durden

and Perkovic-Martin 2017). Cyclone Global Navigation

Satellite System (CYGNSS) also measures wind speeds

by relating ocean roughness to surface wind. It does

this at a spatial resolution similar to scatterometers by

receiving GPS signals reflected from the ocean sur-

face in a bistatic radar configuration (;25 km; L band;

Ruf et al. 2016, 2019). These satellites and their re-

spective frequencies and spatial resolutions are sum-

marized in Table 1.

Another class of ocean wind speed instrument is the

radiometer, which relates excess emissivity to the wind

speed. Some of these instruments operate at a wave-

length of 21 cm (L band), which enables penetration

through rain. Examples include NASA’s Soil Moisture

Active Passive mission (SMAP; L band, at 40-km spatial

resolution; Meissner et al. 2017; Entekhabi et al. 2010),

ESA’s Soil Moisture and Ocean Salinity mission (SMOS;

L band, at ;43-km spatial resolution; Reul et al. 2012;

Kerr et al. 2010), and NASA’s Aquarius (L band, at

;100-km resolution; Lagerloef et al. 2008; Meissner

et al. 2014). Radiometers operating at higher frequen-

cies include JAXA’s Advanced Microwave Scanning

Radiometer (AMSR2; C band, at 35 km 3 62 km reso-

lution; Zabolotskikh et al. 2016), WindSat (6.8, 10.7,

18.7, 23.8, and 37.0GHz, at ;30-km resolution; Gaiser

et al. 2004), and the Stepped Microwave Frequency

Radiometer (SFMR; C band, at ;3-km resolution;

Uhlhorn and Black 2003). Note that all-weather wind

retrievals are possible at C band by using multiple

channels at C or X band to remove rain contamina-

tion that is present in each individual channel (Meissner

and Wentz 2009; Zabolotskikh et al. 2015). SFMR, an

airborne instrument typically flown on the NOAA

‘‘Hurricane Hunter’’ aircraft, uses six channels at C

band to allow for wind speed measurements through

intense rainfall (Uhlhorn and Black 2003).

Although spatial resolution conversion has not been

studied in detail, it has been acknowledged. Meissner

et al. (2017), Reul et al. (2016), and Zabolotskikh

et al. (2016) encountered issues with spatial reso-

lution while comparing radiometer winds (SMAP,

SMOS, and AMSR-2, respectively) with best-track

(Landsea and Franklin 2013) 1-min maximum sus-

tained winds. National Hurricane Center (NHC)

best tracks are poststorm analyses of the intensity, po-

sition, and size of TCs and represent an official historical

record for each storm. The reanalysis utilizes all avail-

able data for the storm, including data with high latency

that was not available in near–real time for the origi-

nal operational forecast. Vm was systematically under-

estimated as compared with best track. To improve the

comparison, each of these papers utilize a 0.93 scale

factor fromHarper et al. (2010). This is a gust factor that

scales the 1-min sustained winds from best track to a

10-min sustained wind. Meissner argues this is ac-

ceptable because of the way radiometers are sensi-

tive to wind speed—they relate wind speed to the

excess emissivity, which is highly correlated with the

roughness of the ocean. Meissner et al. (2017) argues

that 10-min sustained winds are required for the

ocean surface to fully respond to the wind speed. One

study (Reul et al. 2016) even admits that, although

the SMOS winds were calibrated using ‘‘H*Wind’’

1-min sustained wind speeds, the 10-min sustained wind

speeds compare better because of its coarse spatial res-

olution. They too applied the 0.93 gust factor. However,

satellite measurements of wind speed are nearly in-

stantaneous in time and averaged spatially, so perhaps

temporal scaling by the gust factor may not be appro-

priate. Instead, a scale factor is considered to relate Vm

at coarse resolution to the high-resolution Vm as re-

ported by best track.

TABLE 1. Examples of instruments that measure wind speeds at

varying spatial resolutions.

Name Class Frequency Spatial Resolution

ASCAT Scatterometer C band 25 km

QuikSCAT Scatterometer Ku band 25 km

RapidScat Scatterometer Ku band 20 km

CYGNSS Bistatic radar L band 25 km

SMAP Radiometer L band 40 km

SMOS Radiometer L band 45 km

Aquarius Radiometer L band 100 km

AMSR2 Radiometer C band 50 km

WindSat Radiometer C/X band 35 km
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2. Dataset and processing methods

The Hurricane Weather Research and Forecasting

(HWRF) system is an operational model implemented

at the National Centers for Environmental Prediction of

the National Weather Service to provide numerical

guidance to the NHC for the forecasting of tropical cy-

clone track, intensity, and structure (Biswas et al. 2018).

This study will utilize HWRF wind fields from all

storms in all basins in 2017 and 2018. HWRF has a

parent and two nested domains. This study will use the

innermost nest with the finest resolution. The inner-

nest domain covers about 5.98 3 5.98 centered on the

storm with grid spacing of about 0.0118 (about 1.5 km).

This study only uses the HWRF initialization (rather

than including all wind fields that were propagated

forward in time by the HWRFmodel) so that the study

is less dependent on the characteristics of the HWRF

simulation. HWRF is initialized by assimilating con-

ventional observations, tail Doppler Radar, satellite

observations, and Global Data Assimilation System

6-hourly forecasts. The HWRF data used in this study

are the 10-m wind speed along with the mean sea level

pressure and the corresponding latitude and longitude

of each grid point.

The TC parameters used in this study are the maxi-

mumwind speed (Vm) and the radius of maximumwind

speed (Rm). Vm is simply the 1-minmaximum sustained

wind speed in the wind field (HWRF wind speeds are

1-min wind speeds). The Rm must be defined with re-

spect to a storm center location. The storm center is

established by identifying the point of minimum surface

pressure; Rm is then calculated by averaging the dis-

tances to the 10 grid points of highest wind speed sur-

rounding the storm center position after removing all

outliers. This is more robust than simply using the radial

distance of the grid point with maximum wind speed.

To explore how resolution affects these TC parame-

ters, spatial averaging is performed. The native HWRF

resolution of 1.5km is assumed to be fine enough to

provide true Vm and Rm values. The reduced-resolution

cases that will be examined in this paper are 25, 40, 70,

and 100km. These values are representative of various

spaceborne ocean wind sensors (Table 1). The spatial

average at a point is a uniformly weighted average of all

grid points within a circle centered at the point with a

diameter equal to the resolution. An example of a spa-

tially averaged wind field with 40-km resolution is shown

in Fig. 1. Note how the fine features of the wind field are

lost as a result of spatial averaging, and the peak wind

speed is reduced.

Storms near land are not included in this study. HWRF

tends to produce pockets of anomalously high wind

speeds on the windward side of the land feature. This

can cause large errors in wind radii and smaller, but

significant, errors in Vm. For this reason, all cases

with the inner nest within 20 km of land are not

considered.

3. Scale-factor dependencies

We define the scale factor SF for maximum sustained

wind speed Vm as the ratio between the value when

derived fromHWRF inner-nest wind speed data and the

value when derived from spatially smoothed data at a

coarser resolution. For example, the SF for spatially

smoothed data with resolution R is given by

SF
R
5Vm

0
/Vm

R , (1)

where VmR is the maximum sustained wind speed value

derived from themodel data with spatial resolution ofR,

with Vm0 indicating the native HWRF inner-nest data

value. Note that an SF close to unity indicates that Vm is

not significantly impacted by spatial smoothing. When

an SF deviates significantly from unity, Vm is impacted

and will be estimated incorrectly from smoothed data if

no correction is made. This section examines which TC

characteristics affect the SF and develops quantitative

relationships to estimate Vm0 frommeasurements made

at coarser spatial resolution.

The relationship between the SF and the radius of

maximum wind speed Rm is illustrated in Fig. 2. The

figure shows a population of values for SF derived em-

pirically from individual HWRF storms, together with a

parametric curve fit by least squares through the points.

Keep in mind that Rm is being used as a proxy for the

size of the high-wind core. The SF is largest when Rm is

small because a smaller pocket of high winds is affected

more by spatial averaging. SF changes rapidly with

Rm until Rm is much larger than the spatial resolution,

after which the SF is fairly insensitive to changes in Rm.

For these reasons, we assume the following functional

relationship:

SF
R
(Rm

R
)5 c1 e2dRmR , (2)

where c and d are tunable parameters. Least squares fits

to the SF for 25-, 40-, 70-, and 100-km resolution were

performed and the resulting curves are displayed in

Fig. 3. SF can be seen to exhibit similar behavior at all

spatial resolutions. In each case, the sensitivity of SF to

Rm decreases significantly when Rm is larger than the

spatial resolution. Note that the measured Rm below

30 and 40km is not well defined with 70- and 100-km

resolution, respectively, because, with such small storms,
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very coarse resolution causes the maximum wind speed

to lie at the storm center.

In Fig. 4, the relationship between SF and Vm is

shown in amanner that is similar to that in Fig. 2. The SF

can be seen to increase with Vm because Vm is corre-

lated with storm size and organization. For example,

when Vm is large, the TC tends to be intense and well-

organized, with a small pocket of highest wind speeds.

WhenVm is small, storms tend to have a larger high wind

speed area and are more loosely organized. Figure 4

demonstrates that SF depends strongly onVm for weaker

storms because this is where a relatively small change in

Vm can drastically change the organization of the storm

and, therefore, the size of the pocket of highest wind

speeds. For large Vm, SF loses sensitivity to Vm. The

behavior of the dependence suggests a parametric model

of the form

SF
R
(Vm

R
)5 a2 e2bVmR . (3)

Figure 5 shows the resulting parametric model when

fit to SF as a function of Vmwith a spatial resolution of

25, 40, 70, and 100 km. The same general behavior is

again found, with SF increasing as spatial resolution

coarsens.

The dependence of SF on Vm and Rm can be com-

bined into a more general parametric model of the form

SF
R
(Rm

R
, Vm

R
)5 a(Rm

R
)2 e2b(RmR)VmR. (4)

The dependence of a and b on Rm is determined by

separating the dataset into Rm bins and fitting Eq. (3) to

each group of data. A model of the form

a(Rm)5 k(Rml)1m (5)

is fit to each parameter (both a and b), with k, l, andm as

constant real numbers. The resulting dependence of a

and b on Rm is shown in Fig. 6. Parameter a is the as-

ymptotic value of the function and effectively shifts the

FIG. 1. The effects of spatial averaging on a TC wind field. (top left) Image of a high-resolution wind field using

HWRF inner-nest native resolution (1.5-km resolution). (top right) Image that is spatially averaged over 40 km and

is equivalent to what a wind-measuring satellite with 40-km resolution would observe. Note how the lower-

resolution image loses the finer features that are present in the high-resolution image. (bottom left) The difference

between the 40-kmwinds and the high-resolution winds. (bottom right) The ratio between the twowind fields in the

top panels. The greatest differences occur around small-scale features such as the region of highest wind speeds,

which is of particular interest for this paper.

254 JOURNAL OF APPL IED METEOROLOGY AND CL IMATOLOGY VOLUME 59



SF up and down; it decreases with Rm because, at larger

Rm, the storm is less affected by averaging and therefore

the SF is close to 1. Parameter b controls how quickly the

SF achieves its asymptotic value; it increases with Rm,

suggesting that the asymptotic value of SF is reached

more quickly for storms with large areas of high wind

speed. This is because Vm has little effect on SF when

Rm is much larger than the spatial resolution. These

power series relations are used to generate a 3D SF,

which is shown in Fig. 7 as a contour plot. The 3D SF is

maximized when Rm is small and Vm is large, and SF is

minimized when Rm is large and Vm is small.

The parametric relationships can be used in a cor-

rection algorithm to estimate Vm0 from coarse mea-

surements of the wind field. In practice, when a satellite

measures the wind field of a TC at spatial resolution R,

estimates of the parameters VmR and RmR can be

produced directly from the measurements. Using RmR

and/or VmR as inputs to the correction algorithm, the

appropriate value for SF is determined. This SF corrects,

FIG. 2. There is a strong dependence of SF on radius of maximumwind speed.WhenRm is at

or below the spatial resolution, the SF exponentially decays with Rm. Once Rm is significantly

greater than the SF, the SF loses sensitivity to Rm.

FIG. 3. The SF varies with Rm for different spatial resolutions. For each spatial resolution,

SF(Rm) follows the same general trend. When Rm is at or below the spatial resolution, SF

exponentially decays with Rm. Once Rm is significantly greater than SF, SF loses sensitivity

to Rm, which leads to an asymptote. Note that a coarser spatial resolution corresponds to a

higher SF. Also note that SF(Rm) is not defined for Rm , 30 km at 70-km resolution and for

Rm, 40 km at 100-km resolution. This is because, at coarse resolution, smaller storms become

so washed out that Rm cannot be determined.
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or scales, the measured VmR to provide a better esti-

mate of the true Vm0. This procedure has been per-

formed for all storms in the Atlantic, east Pacific, and

west Pacific basins from 2017 and 2018. Half of the cases

are randomly chosen as the training set for the para-

metric model. The other half are used to evaluate the

performance of the correction. The root-mean-squared

difference (RMSD) between the true Vm0 and the Vm0

estimated from spatially smoothed measurements are

summarized in Table 2. The first row of the table states

the RMSD if no correction is made (i.e., using an SF of

unity). As noted above, errors are larger with coarser

spatial resolution. The second row is the RMSD for the

simplest correction method—applying a constant SF, as

in Eq. (1), which is derived for a particular spatial res-

olution but does not depend on Rm, Vm, or any other

parameter. Use of a constant SF does reduce the RMSD

significantly, so it is much better than no correction. The

remaining lines of Table 2 report RMSD values pro-

duced when more sophisticated versions of the SF cor-

rection are used that depend on properties of the storm

that are directly measurable at the coarser resolution.

Of the correction algorithms that depend on only one

storm property, the one dependent on Rm performs

FIG. 4. There is a weak dependence of the SF on the maximum sustained wind speed, but the

general trend is noteworthy. When Vm is large, the storm is typically small and well-organized

and is greatly affected by spatial averaging. When Vm is small, the storm is typically loosely

organized and large and is not affected much by spatial averaging.

FIG. 5. The SF varies with Vm at different spatial resolutions: SF increases as spatial

resolution coarsens, it is large for high-intensity cases in which the storm is typically small and

well-organized, and it is small for low-intensity cases in which the storm is typically large and

disorganized with a large pocket of highest wind speeds.
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best. This suggests that storm size is more highly corre-

lated with changes in SF than is storm intensity. A better

correction yet uses both Rm and Vm to estimate SF. For

this correction method, the resulting RMSD values are

listed in the last row of Table 2. It effectively combines

both dependencies shown in Figs. 2 and 4. The RMSD

values are 0.69, 1.23, and 2.12ms21 for 25, 40, and 70 km,

respectively. Note that results requiring Rm as input are

not listed for 100-km spatial resolution because many of

the individual cases have Rm values of zero as a result of

significant averaging of the wind field. In such cases (e.g.,

in the case of Aquarius measurements of the wind field)

(Meissner et al. 2014), some other SF dependence

should be considered, such as only Vm.

The effect of the correction SF(Rm, Vm) is visualized

in Fig. 8. The red dots are the best-track Vm values

matched up with Vm measured by a 40-km-resolution

instrument (note this figure only includes the test cases—not

the cases that were used to train the SF surface). These

matchups typically remain under the 1-to-1 line be-

cause Vm is underestimated without an SF correction.

The blue dots, the matchups after SF correction, are

much closer to the 1-to-1 line. This figure shows the

necessity of SF correction when estimating Vm from

FIG. 6. The dependence of the parameters a and b on Rm is used to extend the SF to three

dimensions. Parameter a is the asymptotic value of SF and effectively shifts SF up and down; it

decreases with Rm because, at larger Rm, the storm is less affected by averaging and therefore

SF is small. Parameter b controls how quickly SF achieves its asymptotic value; it increases with

Rm, suggesting that the asymptotic value of SF is reachedmore quickly for large storms. This is

because Vm has little effect on SF when Rm is much larger than the spatial resolution.

FIG. 7. A slice of the three-dimensional SF at 40-km resolution, illustrating its dependence on

Vm and Rm. The SF reaches a maximum value of 1.15 when Rm is small and Vm is large. The

3D SF combines trends seen previously in Figs. 2 and 4. The solid black lines indicate contours

of constant SF.
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coarse-resolution measurements. Figure 8 also dem-

onstrates increased scatter at high winds. The RMS

error between the best-track Vm and the Vm esti-

mated from 40-km wind speed measurements is 0.65,

1.42, and 1.91m s21 for best-track Vm below 30m s21,

between 30 and 45m s21, and greater than 45m s21,

respectively. The error increases as storm intensity

increases as seen in Fig. 8. Similarly, the RMS error at

40-km resolution is 1.63, 1.12, and 0.69m s21 for best-

track Rm less than 50 km, between 50 and 85 km, and

greater than 85 km, respectively.

The radius of maximum wind speed, Rm, is shown to

be strongly correlated with the SF correction. However,

it is worth mentioning the deficiencies of using Rm as

input in the correction algorithm. First, Rm is not in-

cluded in the set of TC parameters that are best tracked

(because Rm is primarily used to initialize models).

Second, it is difficult to estimate Rm from an observed

wind field that is fraught with noise and sampling gaps.

This task becomes even more difficult when considering

that a reliable estimate of Rm requires both an accurate

storm center location and an accurate maximum wind

speed location. The uncertainties of best-track storm

center locations are about 65, 40, and 27 km for tropical

storms, category-2 storms, and category-4/5 storms, re-

spectively (Torn and Snyder 2012). The combination of

this storm center uncertainty with the uncertainty in

maximum wind speed location makes estimating Rm

difficult.

Despite these drawbacks, it is clear that the SF cor-

rection has improved performance when using Rm as

input because Rm contains so much information about

the size of the high–wind speed core. When a precise

estimate of Rm is not available, it is still best to use as

much information as possible about the size of the

pocket of highest wind speeds in the SF correction al-

gorithm. To demonstrate this, divide the population of

storms into three groups of Rm: large, medium, and

small. Define large Rm as Rm . 80km, small Rm as

Rm , 45km, and medium Rm as everything between.

Each of these three groups has a different SF curve that

depends on Vm. The training set determines these

curves, then the resulting SF is evaluated on the test set.

The resulting test set errors, shown in Table 2, are

comparable in performance with the SF correction

TABLE 2. The root-mean-square difference in wind speed

(m s21) between true and measured Vm with varying types of

correction applied to the measured Vm, for different spatial reso-

lution of the measurements. Cases considered are no correction, a

constant SF for a particular spatial resolution, and SF corrections

that depend on Vm, Rm, and both Vm and Rm. The ‘‘LMS Rm,

Vm’’ row shows the results with Vmdependence for three different

sizes of Rm: large, medium, and small.

Resolution

Dependence Equation no. 25 km 40 km 70 km 100 km

No Correction — 1.77 3.41 6.12 6.61

Constant — 0.87 1.61 2.80 2.90

Vm (3) 0.83 1.57 2.66 2.72

LMS Rm, Vm — 0.74 1.33 2.26 —

Rm (2) 0.75 1.28 2.16 —

Rm, Vm (4) 0.69 1.23 2.12 —

FIG. 8. Comparison of best-track Vmwith the Vmmeasured at 40-km spatial resolution. The

red dots (before SF correction) consistently underestimate Vm. The blue dots (after SF cor-

rection) are shifted up toward the 1-to-1 line (a perfect estimate). Note the increased scatter at

higher Vm. Also note that only the test cases are plotted here. None of the training cases were

included in this figure.
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methods that depend on a precise value of Rm, and

perform much better than the SF correction that de-

pends only on Vm. Yes, performance degrades when

Rm is not known. But even coarse knowledge of the

size of the high–wind speed core greatly improves SF

performance and, therefore, estimation of a storm’s

maximum wind speed.

4. Example

Use of the scale factor is demonstrated with eastern

Pacific Ocean Hurricane Sergio throughout its life cycle

in 2018. The storm was chosen because it remained over

open ocean for the bulk of its lifetime, which allows for

a continuous analysis (recall the land flag). Hurricane

Sergio also went through a wide range of sizes and in-

tensities, which provides the opportunity to examine SF

performance in many different circumstances.

Figure 9 contains Vm estimates over the lifetime of

the storm derived from HWRF winds averaged to var-

ious spatial resolutions. Note that Vm always decreases

as spatial resolution becomes coarser. Also note that the

ratio between the blue line (Vm at HWRF inner-nest

native resolution) and the other lines (Vm at coarser

resolutions) represents the exact SFs that would be

needed for perfect correction of Vm to account for av-

eraging of the TC wind field. Estimates of these SFs are

generated using the parametric model described above.

Results are shown in Fig. 10 for 70-km resolution. The

solid lines represent Vm at 1.5- and 70-km resolution.

There is a wide gap between the two lines. Three dif-

ferent SFs are applied to the 70-km estimate: 1) SF(Vm)

is the purple dotted line, 2) SF(Rm) is the yellow dotted

line, and 3) SF(Rm, Vm) is the green dashed line. Note

that SF(Rm, Vm) provides the best correction (error

of 1.43m s21). SF(Rm) (error of 4.23m s21) performs

worse than SF(Vm) (error of 2.11m s21), although the

cumulative error analysis in the previous section showed

that SF(Rm) typically outperforms SF(Vm). This dis-

crepancy is due to the fact that Hurricane Sergio is more

intense than the average TC. SF(Rm) is averaged across

all Vm, so it performs the best when Vm is near its av-

erage value. Because Hurricane Sergio is a more intense

storm, SF(Rm) tends to underestimate Vm. In the later

part of the storm, however, SF(Rm) performs well while

SF(Vm) overestimates Vm. This is in part due to Vm

becoming closer to average as the storm weakens. The

radius of maximum winds estimated at different spatial

resolutions is shown in Fig. 11 over the lifetime of

Hurricane Sergio. In the later part of the storm, Rm is

very large (near 100km). When Rm is this large, the SF

should be close to unity, but SF(Vm) does not account

for storm size and overestimates Vm. Both SF(Rm) and

SF(Vm, Rm) are able to give a better estimate of Vm

during this stage of the storm than SF(Vm). Because

SF(Vm, Rm) combines the strengths of SF(Rm) and

SF(Vm), it performs well in all circumstances experi-

enced with Hurricane Sergio.

5. Discussion and conclusions

This work examines the effects of spatial averaging

on a TC wind field and, consequently, on the maximum

sustained wind speed estimated from the smoothed

observations. Estimation of the true Vm from coarse

wind measurements is improved by multiplication of the

FIG. 9. Maximum sustained wind speed observed at different spatial resolutions throughout

the lifetime of Hurricane Sergio, a major hurricane in the eastern Pacific basin (2018). The wide

range of observed Vm values allows for analysis of the performance of the SF correction in

different situations. Note that Vm strictly decreases as the spatial resolution coarsens.
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observed Vm by a scale factor that is greater than unity.

The optimal SF is found to depend on TC parameters Vm

andRm, with the strongest dependence onRm.Rmworks

well as input to the SF correction because it operates as a

proxy for the size of the high–wind speed core.

The mean SF (with dependence on both Vm and Rm)

across all test cases is 1.03, 1.07, 1.14, and 1.18 for spatial

resolutions of 25, 40, 70, and 100 km, respectively. The

gust-factor conversion between a 1-min averaged gust

and a 10-min averaged gust is 1.07 [Harper et al. 2010, p. 5

(their Table 1.2)]. This suggests that, on average, spatial

smoothing over a 40-km area is roughly consistent with

temporal averaging over 10min in terms of their im-

pact on Vm.

Note that the TC parameters used as input are those

observed with coarse spatial resolution, so the imple-

mentation of this SF-based correction would be straight-

forward. When Rm is less than or equal to the spatial

resolution of the measurements, SF decreases as Rm

increases. When Rm is much greater than the spatial

resolution, SF loses its dependence on Rm because the

high wind speed region becomes large enough that

the spatial averaging has negligible impact on Vm. SF,

while not as dependent on Vm as Rm, increases as Vm

FIG. 10. The solid blue line is the true Vm over the lifetime of Hurricane Sergio. The solid

orange line is Vm after averaging the wind field down from 1.5-km resolution to 70-km reso-

lution. The other three lines are different estimates of Vm. The purple dotted line estimatesVm

by applying an SF that is a function only of Vm. The yellow dotted line estimates Vm using an

SF that is a function only of Rm. The dashed green line estimates Vm using an SF that is a

function only of both Rm and Vm. This last estimation technique performs best.

FIG. 11. The radius of maximumwind speed for Hurricane Sergio derived from the wind field

at HWRF native resolution. The Rm becomes very large toward the end of the storm, which

causes large errors in the estimation of Vm when the SF is not a function of Rm.
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increases. This is because intense storms tend to be small

and are more affected by spatial averaging.

Application of the SF correction throughout the life

cycle of Hurricane Sergio is used to illustrate how in-

clusion of the dependencies on Rm and Vm improves

the accuracy of the correction. When Hurricane Sergio

is a major hurricane, inclusion of a Vm-dependent SF

prevents significant underestimation of the true Vm.

When the high wind speed region of Hurricane Sergio

becomes very large (Rm ; 100 km), inclusion of an

Rm-dependent SF prevents a significant overestimation

of the true Vm.

An additional strategy is implemented to demon-

strate that precise knowledge of Rm is not necessary

for the SF correction to improve Vm estimated from

coarse satellite measurements. Storms are classified as

having a large, medium, or small high–wind speed

core, and each of these three classes has a different SF

correction that is dependent on Vm. Even with using

these rough estimates of Rm, there is significant im-

provement over both a constant SF and SF(Vm). The

best SF correction uses as much information as pos-

sible about the size of Rm, or the high-wind core, but

even a rough estimate of Rm can greatly improve

results.
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