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ABSTRACT: Data collected from individual dropsondes within tropical cyclones are analyzed to better understand the
near-surface profiles of wind speed, potential temperature, and humidity. The resulting fitting parameters are used to esti-
mate surface fluxes of momentum, sensible heat, and latent heat within tropical cyclones. Vertical offsets of the profiles are
calculated and described. Our methodology accounts for these offsets through a displacement height for each profile. Of 915
dropsonde profiles visually examined, 42.3% appeared to have log-like near-surface profiles. Good matches to theoretical
profiles were found with only 95 (10.4%) profiles (25% of profiles that had data in the layer of interest). The boundary layer
variables that we determine from an individual dropsonde are noisy because dropsondes do not capture a good sample of
the mean boundary layer. Despite the weaknesses, means and medians constructed from the collection of processed drop-
sondes can be used to estimate values of boundary layer variables within tropical cyclones. Our analysis produces wind
speed-dependent median boundary layer values within a range of uncertainty determined from the observations. Examples
of the profiles, displacement heights, fluxes, drag coefficients, and the abovementioned problems are presented.
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1. Introduction

The boundary layer of tropical cyclones (TCs) is of great in-
terest for many reasons: The wind speeds used to categorize
the intensity of a storm are within this boundary layer (Saffir
1973; Simpson 1974), boundary layer turbulent fluxes can be
used to estimate the maximum potential intensity (Emanuel
1988) and might be related to intensity change (Emanuel
1986, 1995; Shen and Ginis 2003), the variability of these fluxes
around the storm is controversial (Powell 2006; Holthuijsen
et al. 2012), and spray generated by extreme winds could mod-
ify the boundary layer (Andreas 1992; Andreas et al. 1995;
Andreas and Emanuel 2001) and storm intensity (Yang et al.
2024, 2025). Our knowledge of this boundary layer is rela-
tively poor because the weather conditions are extremely
challenging for in situ and satellite observations (Bourassa
et al. 2019 and references therein). Ships tend to avoid severe
weather, and in recent years, forecasts have provided suffi-
cient warning to do so. Hurricane winds are observed by
buoys when a storm center passes nearby, but buoy measure-
ments are often suspect due to tilting of the buoy and uncer-
tainties in its measurement height in high waves (Wright
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et al. 2021). When exposed to extreme winds (and the result-
ing currents), excess tension on the anchor chain pulls the
buoy down at an angle. For instance, when Hurricane Katrina
(2005) passed over observational buoys, sustained tilts of
15°-18° occurred (Howden et al. 2008; Bender et al. 2010).
Satellite data for extreme winds are usually calibrated with
measurements from reconnaissance aircraft, including vertical
profiles measured by launching a disposable device with an ar-
ray of sensors called a GPS Dropwindsonde (also called drop-
sonde and sonde) (Hock and Franklin 1999). The boundary
layer profiles of pressure, wind speed, temperature, and humid-
ity from individual dropsondes are used to demonstrate a meth-
odology (a proof of concept), constrained by Monin—-Obukhov
similarity theory (MOST), for extracting TC boundary layer
characteristics. A more rigorous study would use all available
dropsondes and automatically identify log layers rather than
manually identifying these layers as done in this study. The
results of this study indicate that developing a tool to identify
such layers would be beneficial.

The National Hurricane Center (NHC) uses an official def-
inition of a peak 1-min-average wind speed as observed at
the standard meteorological height of 10 m (NOAA-NHC
2021). This wind speed is important for categorizing the in-
tensity and structure of a storm and for emergency planning.
Dropsonde-based surface wind data are also used to calibrate (or
validate) remotely sensed winds. One of the remote sensing tools
for measuring surface wind speeds from aircraft, designed specifi-
cally for TC conditions, is the Stepped-Frequency Microwave
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Radiometer (SFMR) (Uhlhorn and Black 2003). This device
passively measures the brightness temperature of the sur-
face, which is responsive to the fraction of whitewater cov-
erage, an indicator of surface wind speed. Converting from
measured radiation to wind speed requires good calibration
and a complex algorithm that has been trained with drop-
sonde data (Uhlhorn and Black 2003; Uhlhorn et al. 2007,
Klotz and Uhlhorn 2014). Extreme winds measured by sat-
ellite are often calibrated to SFMR winds and hence traced
back to dropsonde winds.

The level of the surface (and subsequent heights above)
measured by a dropsonde is subject to an unavoidable uncer-
tainty (i.e., random error) of roughly 5 m (V. Holger 2021,
personal communication) for moderate wind conditions. The
same source has also expressed concerns about systematic er-
rors for extreme wind conditions and concern that for these
conditions, our displacement heights (a vertical offset of the
log profile) could be interpreted as a combination of random
and substantial positive systematic errors in the dropsonde
heights (discussed more in sections 4b and 5a). Such errors
would make it difficult to interpret mean vertical offsets in the
context of processes. Our analysis technique is designed to ac-
count for these offsets relative to a mean ocean surface.

Natural variability, presumably associated with rolls and
turbulence, can cause considerable variability within the
heights that we are examining. This variability and the vertical
offset mentioned above combine to make it impractical to
treat the wind speeds near the dropsonde’s height of 10 m as
an estimate of mean wind speed at a height of 10 m. Conse-
quently, layer averages have been commonly used to estimate
10-m mean winds from dropsonde data (Franklin et al. 2003).
Two such approaches are currently in use operationally. The
first, considered more conservative, averages the lowest
500 m, the approximate depth of the mean boundary layer
(MBL). The second, the WL150, considers the lowest mea-
sured 150 m (Franklin et al. 2003). Both approaches use a re-
duction coefficient (Uhlhorn et al. 2007; Franklin et al. 2003),
associated with the mean height of the observations, to esti-
mate surface (10 m) values from the mean layer average.

Figure 1 shows an example of the lower portion of a wind
speed profile in a TC. The lowest 150-m layer (below the
dashed line) encompasses either multiple easily identifiable
dynamical regimes or eddy-related perturbations from
MOST. The profile in the WL150 calculation need not be con-
sistent with MOST. We will discuss consistency between our
estimates of 10-m winds and the WL150 winds used to cali-
brate the SFMR in section Sc.

It has often been suggested that layers of sea spray can have a
large impact on the near-surface wind speed profile (Andreas
1992; Fairall et al. 1994; Andreas et al. 1995; Andreas and
Emanuel 2001). The impact of spray on a wind profile including
the logarithmic layer (hereafter log layer) remains an open ques-
tion. Presumably, characteristics of the log profile (described in
section 4b) would change due to spray. Investigation of spray im-
pacts on a wind profile from a dropsonde are further complicated
by concerns about the recorded wind speed, errors in height
above the surface (discussed in section Sa), and the inability to
identify the amount of spray. The values of the drag coefficient

VOLUME 43

500
400

300

200

Height, z (m)
=

100 10 20 30 40 50 60 70

Wind Speed, 7 (m s™1)

FIG. 1. Vertical profile from dropsonde D20201009_112638
dropped by reconnaissance aircraft NOA A42 into Hurricane Delta
on 9 Oct 2020. The MBL calculations use all observations below
500 m. The lowest 150 m of observations are used in WL150 calcu-
lations (below the dashed line). The wind profile calculated from
our method (green line; see section 4b for details) extrapolated to
10 mis 35.5 m s~ . For comparison, the layer averages are MBL,, =
424ms ' and WL150;0 = 41.0ms ™.

(section 5d), turbulent heat fluxes (section 5e), and displacement
height (section 5a), examined as a function of wind speeds, are
likely to contain the largest signal of modification due to spray,
although dropsonde data alone cannot be used to directly test a
dependence on spray.

There are several innovations in our approach (section 4).
Our methodology is to solve for profiles, constrained to be
consistent with MOST, that are best fits to dropsonde data. One
innovation is that we consider displacement height: The World
Meteorological Organization (WMO) defines surface winds with
respect to their height within the log layer, where the presumed
governing physics is applicable. Specifically, the WMO defines
surface winds as 10 m above the displacement height (Harper
et al. 2010), which is defined as the height at which the log
layer extrapolates to a surface speed. This displacement
height could help account for hypothetical wave or spray-
induced vertical displacement of the wind profiles. It can
also account for errors in identification of the surface in
dropsonde data. A dropsonde’s “surface” is defined as the
height where it strikes water. Striking wave crests and troughs
would displace the apparent surface too high or too low, respec-
tively. Our calculated displacement heights (section 5a) are
likely influenced by this definition. Our methodology can also
adjust for other errors in surface height associated with hypo-
thetical spray layers or problems and processes yet to be
identified. Another innovation is that our MOST-based solu-
tion accounts for boundary layer stratification, whereas prior
approaches assume a neutral profile (sections 4b and 5b).
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One benefit of our MOST-based analysis is a 10-m wind
that we argue improves upon the observed wind at the height
a dropsonde indicates is 10 m. Earlier analyses of dropsonde
data (WL500; Franklin et al. 2003) found using the sonde
winds at 10 m to be less desirable than a modified average
over 500 m or 150 m. Our analysis (section 5c¢) strongly sup-
ports Franklin et al.’s conclusion, provides an alternative esti-
mate of this wind speed, points to small, but systematic
differences from the WL150 for wind speeds > 35 ms™!, and
points to greater systematic errors for wind speeds >
50 m s~ '. Second, by considering individual profiles instead of
aggregate mean profiles as has been done previously (i.e.,
Powell et al. 2003; Holthuijsen et al. 2012; Richter et al. 2021)
with log-profile analyses, we will be able to individually ana-
lyze dynamical features such as biases in dropsonde heights.
Third, our methodology does not prescribe neutral stratifica-
tion and can be used to estimate stratification. Similar to prior
log-layer methodologies, surface turbulent fluxes and related
transfer coefficients can be determined from the output of sol-
utions for log profiles of wind speed, temperature, and mois-
ture. Ideally, further application of this method will facilitate
a better understanding of how energy is transferred at the
surface interface within these storms. Our drag coefficients
(section 5d) for wind speeds from 10 to 20 m s~ ! are remark-
ably similar to well-accepted in situ observations (e.g., Large
and Pond 1981; Smith 1988). We confirm the weak importance of
performing analyses that consider boundary layer stratification
(section 5b) and find that proper assignment of the surface height
(section 5a) likely has greater impact on these analyses.

2. Theory for near-surface boundary layers
a. Monin—-Obukhov similarity theory

MOST relates the mean vertical profiles of wind speed, po-
tential temperature, specific humidity, and surface turbulent
fluxes to roughness length and boundary layer stratification
(Monin and Obukhov 1954; Foken 2006). Mean flows in the
log layer agree with MOST in numerous field experiments
(e.g., Businger et al. 1971; Kaimal et al. 1976). MOST requires
horizontal homogeneity of the properties being considered.
Variability within ensembles of profiles is due to eddies with
time scales of variability that grow with increasing distance
from the surface (Stull 1988a). An outcome of MOST is that
in the lower portion of the boundary layer, the mean values of
wind speed, potential temperature, and specific humidity are
logarithmic functions of height, while vertical fluxes (e.g., stress,
sensible heat, and latent heat) are independent of height within
this log layer. This theory applies to heights above where winds
have to flow around surface features, up to heights where
Ekman processes dominate motion (Stull 1988b).

b. MOST parameterizations of log profiles

There are log-profile equations in MOST related to mean
wind speed [Eq. (1)], potential temperature [Eq. (2)], and spe-
cific humidity [Eq. (3)]. The equations presented here are
adapted from previous work studying log-profile parameters
(Covey 1983; Bourassa 2000), which were based on early
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work on this topic (Prandtl 1925; Covey 1983; Stull 1988b).
Values at the height to which the log layer is extrapolated
downward (typically extrapolated to the mean surface value)
are boundary conditions (limits of integration) in these solu-
tions. While these values are normally included for profiles of
potential temperature and humidity, they are usually not in-
cluded for wind speed because the speed of the surface is zero
over land and small over the ocean. Surface currents were in-
cluded in the flux equations of Liu et al. (1979) and first
shown to be important in observations by Chou (1993).
Bourassa et al. (1999) described current-relative winds as im-
portant for making these equations independent of the New-
tonian frame of reference and for determining roughness
length. The vertically integrated impact of atmospheric dynamic
stratification adjustment (V) is also added using Liu’s adaptation
of L [Eq. (4)]. Finally, any vertical displacement of the profile,
d, is considered. An idealized example is shown in Fig. 2:

A (2. —d
7=, +%|n % +1| = W,,(L, z, d)|, 1)
i k Z, '
o 0. . —d
6,=0,+ [ C+1)|-v,Lz.d] @
i k 2, l
_ 4| (u—d
q,=4q, + 2| 1n| +1 —qu(L, Zjs d) 5 (3)
k 2y

6,(1 +0.617 ,)u?
I A s @
k,gl6.(1 — 0.61q.) + 0.616,,q.]

The subscript i indicates different heights (z;). The subscript d
indicates the value of the variable extrapolated down to the
displacement height (d), which over water is normally treated
as the value at the water surface. Dimensional scaling param-
eters (i, 0., ¢,) and roughness lengths (z,, 2o 2, ) com-
bine to describe the shape of the neutral proﬁles Varlables
are explained in the appendix. The + 1 in the log terms are
normally dropped because it is tiny compared to first term in
the natural log. We retain the + 1 to ensure the solutions do
not involve a log of negative number.

c. Stratification parameterizations

Monin and Obukhov argued that within the log layer, the
dependence of stratification on the vertical gradients of wind
speed and potential temperature could be described with a di-
mensionless parameter (z/L) derived from the height and the
length scale (L) defined in their earlier work (Obukhov 1946,
1971). The log-profile equations of wind speed, potential tem-
perature, and specific humidity [Egs. (1)-(3)] all contain a
stratification term (V). This term is a function of height (z),
the Obukhov length (L), and the roughness length (z) in the
form of z/L and zo/L. The latter is usually dropped because it
is negligible over the ocean—even in TCs. Hence, stratifica-
tion adjustments become functions of only z and L, where
L is a function of fitting parameters from all three profiles
[Eq. (4)]. This means that the profiles are all intrinsically
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FIG. 2. Idealized log profile of wind, with speed @ and height z. The surface (z = 0) represents calm sea level. The
wind waves pictured displace the profile upward to a fraction of the significant wave height as previously suggested
(Bourassa 2006). Displacement height d is the height where the log profile extrapolates to a speed of zero relative to
the surface. (left) A linear scale with height relative to the surface; (right) a logarithmic scale with the height relative

tod.

linked together and must be solved simultaneously if nonneu-
tral conditions are assumed (i.e., ¥ # 0).

To model the dependence of W on z/L, we use stratification
parameterizations in the Coupled Ocean—Atmosphere Re-
sponse Experiment (COARE) 3.0 flux algorithm (Fairall et al.
2003). For unstable conditions L < 0, the following adapta-
tions are used (Grachev et al. 2000), modified with the ap-
proximation that zo/L = 0:

w, = 2 1n[%)  1n( % -
v = n|5- In 0 + 2tan”'(g,,), 5)
where
4 1/4
§M=1—16(ZL) , (6)
Wy p=—2 1n(§”—*’f) @)
HE — 2 )
where
4 12
gH,E =11~ 16(Z L ) (®)

For stable conditions (L > 0), we use the following parame-
terizations (Beljaars and Holtslag 1991):

v, = d_ 0.667(Z —d_ 14.29)exp(— - d) — 953,
)
3/2
2z —d
\PH,E=—(1+§ - )
- 0.667(Z —d_ 14.29)exp(— z%d) - 853 (10)

One novel aspect of these stratification equations is that we
have made z relative to the displacement height, rather than
ignoring d. This is an important distinction if the displacement
height is substantially nonzero.

d. Turbulent fluxes

Surface turbulent fluxes of momentum [Eq. (11)], sensible
heat [Eq. (12)], and latent heat [Eq. (13)] are calculated from
the dimensional scaling parameters (u,, 6., and g.):

T = plu.fu., (11)
Qsen = _pcp|u*|0*’ (12)
Qlat = _va|”*|q*- (13)

These formulas also require the air density p, calculated using
the ideal gas law and temperature and pressure measurements
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TABLE 1. Intensity statistics for all 387 dropsondes that were successfully processed (full set) and the 95 dropsondes that remained
after QC (QC set). Storm intensity categories, based on peak 1-min 10-m winds from the NOAA best-track database (Knapp et al.
2010), are defined using the Saffir—-Simpson hurricane wind scale (Saffir 1973; Simpson 1974; Schott et al. 2019).

Intensity Full set QC set Intensity Full set QC set
Tropical storm 11 1 Category 3 hurricane 96 21
Category 1 hurricane 34 5 Category 4 hurricane 154 41
Category 2 hurricane 63 17 Category 5 hurricane 29 10

from the dropsonde. Two near constants are also used, the spe-
cific heat capacity of dry air, Cp = 1005.7 J kg~' K™', and the
latent heat of vaporization of water, Ly = 2.501 X 10° J kg%

e. Transfer coefficients

We can also determine the value of wind, potential tempera-
ture, and humidity at any height within the log layer. For exam-
ple, a wind speed at 10-m height (relative to the displacement
height) is often used in atmospheric models and for forcing
ocean models. It is also used to calculate the transfer coeffi-
cients (described below) which are used to estimate turbulent
fluxes in a computationally efficient manner. These winds, po-
tential temperatures, and humidities can be calculated by using
Egs. (1)-(3), respectively, at a height of z — d = 10 m.

The coefficient of drag Cp is a key parameter in most TC
models and has been estimated from observations and mod-
eled in many studies for decades. The Cp, is calculated from
friction velocity and the vertical wind shear:

Cplz —d=10m) = (#)2 (14)
10 d

Similarly, the heat and moisture transfer coefficients (Cy;
and Cg) are

Cylz —d=10m) = |——— (6 0. ) (15)
d

Cp(z—d=10m) = |-

M*_ (_ 6]*_). (16)

3. Dropsonde data

This study uses dropsondes launched directly into TCs by
NOAA Lockheed WP-3D Orion aircraft (NOAA42 and
NOAAA43). Dropsondes are selected from flights from 2018 to
2022, and there are a few extreme cases from 2004 to 2017.
The RD93 sonde was used from the late 1990s until 2010,
RD94 from 2010 to 2019, and RD41 from 2019 to 2024. Future
work should expand the scope of the data sources to include
dropsondes processed by the U.S. Air Force Reserve 53rd
Weather Reconnaissance Squadron.

Dropsondes collect observations of the vertical structure of
the atmosphere. Position and wind data are sampled four
times per second (4 Hz) and temperature, moisture, and pres-
sure two times per second (2 Hz) since 2010 (Hock and
Franklin 1999; Wang et al. 2015; UCAR/NCAR-Earth
Observing Laboratory 1993). Prior to 2010, the wind data

were sampled at a rate of 2 Hz. The raw data transmitted by
the dropsondes to the aircraft are then processed through a
program called the Atmospheric Sounding Processing Envi-
ronment (ASPEN). ASPEN attempts to detect where the
dropsonde hits the surface and flags anything beyond that for
removal—dropsondes can float and continue transmitting for
a while before sinking and losing signal. Our estimates of dis-
placement height will include errors in the assessment of the
height relative to the mean surface, greatly reducing the im-
pact of these errors on surface relative wind speeds, transfer
coefficients, and fluxes. ASPEN will also flag all data points
that are irregular. This can mean either a suspect measure-
ment that changes too drastically between observed heights to
be physically plausible or that the GPS receiver was not con-
nected to enough satellites to confidently acquire position
(Martin and Suhr 2021). All automatic checks are reviewed
and confirmed by the processing scientist.

Another advantage of ASPEN is a correction of the vertical
position to account for a delay between recording data and re-
cording the vertical position. ASPEN also applies smoothing to
the raw dropsonde data, which can potentially remove or blur fea-
tures from the raw data. Of particular importance to this research,
vertical profiles of wind speed (i), potential temperature (6), and
specific humidity (q) are provided or can be calculated from avail-
able data. The latter two variables are not directly measured by
the dropsondes, but are calculated in this study from dropsonde
observations. Potential temperature is calculated from the pres-
sure, surface temperature, and a reference pressure (10° Pa).
Specific humidity is determined from the vapor pressure, using
Buck’s (1981) approximation of the Clausius—Clapeyron equa-
tion, the dropsonde observations of pressure, air temperature,
and relative humidity.

In this study, a total of 915 dropsonde data files are plotted
and reviewed. Of these, 387, or about 42.3%, are processed
using the methodology outlined. Only 10.4% of the original
total (24.5% of the processed sondes) pass our quality control
(QC) checks (section 4d). Dropsonde profiles that contain an
approximately log-linear layer of at least four data points in
each of the three vertical profiles of wind, potential tempera-
ture, and specific humidity are input into the calculation pro-
gram as described in section 4b. The successfully processed
profiles are sorted by peak storm intensity during the flight
(Table 1) and the launch location within the storm (Table 2).
The percentages of various categories do not represent the cli-
matology of TCs in general. Higher category storms are pref-
erentially selected in this study because of the operational
targeting of dropsondes and because we gave higher wind
speeds a priority to improve our statistics for those conditions.
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TABLE 2. Storm-relative radial (left) and azimuthal (right)
position for all 387 dropsondes that were successfully processed
(full set) and the 95 dropsondes that remained after QC (QC
set). Azimuthal storm sector definitions adapted from Black
et al. (2007) using storm-motion-relative headings of 20°-150° for
the right sector, 150°-240° for the rear sector, and 240°-20° for
the left-front sector.

Radial sector Full set QC set Azimuthal sector Full set QC set

Outer bands 197 33 Left front 151 36
Eyewall 151 53 Right 157 42
Eye/other 39 9 Rear 79 17

A more complete dataset (Ahern et al. 2019) shows less of a
bias toward higher categories.

Of the dropsondes considered for inclusion in our study, to-
tal sensor failure for one of the variables accounted for 10.4 %
of the unused data. Partial sensor failure (at the heights of in-
terest) accounts for 27.3% of the culled profiles (i.e., 37.7%
were unusable because of missing data). The remainder of the
culled data (62.3% of the culled data, 35.8% of the dropsondes
examined) was unprocessed because of the shape of the profile.
Some examples of unsuitable profiles are cases where the wind
speed decreased with increased height throughout the layer of
interest. In others there were layers that looked log-like, but
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with too few observations to be useful (23.8% of the profiles).
In other words, a log-like layer could not be identified over a
sufficiently thick layer. All dropsonde profiles examined with
loosely log-like shapes for each of the three variables (42.3%
of sondes without missing data) were included in this analy-
sis. This percentage compares favorably with the dropsonde
composite dataset compiled in Ahern et al. (2019). They
used approximately 25.7% of the 12045 dropsondes to create
their composite dataset.

Problems with the profile shape could arise from drop-
sondes not being a true vertical profile, but instead advecting
horizontally through multiple regimes downwind and around
the storm. For example, in very high wind speed profiles,
dropsondes can commonly pass in or out of the eyewall and
translate downwind 20°-30° azimuthally, although this rarely
happens close to the surface. Another possible shape issue is
caused by the presence of a strong gust or outflow from in-
tense rain. Such gusts can occur at any wind speed, storm in-
tensity level, or sector. When present, a strong gust will cause
an individual dropsonde profile to not be representative of a
mean profile. A common example of profiles that are suspect,
but included in our analysis, is shown in Fig. 3. Examples like
this are rare for wind speeds below 25 m s~', but are quite
common for wind speeds > 35 m s~ . It has also been sug-
gested (H. Vomel 2021, personal communication) that they are

150 150 150
100 100 100
80 80 80
60 60 60
—~ 40 40 40
E
N
—
_C
=2
£ 20 20/ 20
10 10 10
8 8 8
6 6 6
40 45 50 55 300 301 302 303 304 19 20 21 22 23

Wind Speed, & (m s~ %)

Potential Temperature, 8 (K) Specific Humidity, g (g kg™!)

FI1G. 3. Vertical profiles from dropsonde D20201006_114554 launched by NOA A42 into Hurricane Delta on 6 Oct 2020. The log-like layer
is highlighted in green.
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artifacts of errors in the height of dropsondes, where the
sonde has hit the water surface at a height just below
the minimum in wind speed. These profiles support and
are good examples of a warning by M. Powell (2000,
personal communication) to be cautious about using drop-
sonde data where the heights are less than 30 m. We ad-
dress this interpretation in section 5a. Our reselection of
dropsondes errs on the side of caution and should be reex-
amined in future work.

Concern about ASPEN’s smoothing

We found that ASPEN’s quality control successfully re-
moved data that was inconsistent with surrounding data.
Therefore, there are benefits (in addition to corrected
heights) for using data processed by ASPEN rather than us-
ing raw data. However, there was concern that ASPEN’s
smoothing might alter (or even prescribe) our results. To as-
sess this concern, we reduced ASPEN’s smoothing weight
by up to a factor of five, which resulted in much noisier pro-
files. We examined the impacts of smoothing with drop-
sondes from flights 20200826H1 in Hurricane Laura and
2020100811 in Hurricane Delta, both in 2020, totaling 62
dropsondes. After quality control of the output (section 4d),
ASPEN’s smoothing has no meaningful impact on the re-
sults of a log-profile analysis.

4. Methodology

Nonneutral profiles are obtained through a best fit method-
ology by minimizing the average of squared difference
[Eq. (17)] between profiles constrained to match theory
[MOST, Egs. (1)—(3)] and observations for each observation
height. This methodology is applied simultaneously for wind
speed, potential temperature, and humidity, with the initial guess
for the iterative process calculated using neutral stratifica-
tion. The squared misfit for each of these variables is scaled
by the variance of that variable to remove dependence on
units and to have roughly similar impact from each variable
when they are combined into a sum of misfits [Eq. (17)]
which is ideal when solving for values that minimize the mis-
fits for multiple terms. If one of these variances is zero, that
variable is excluded from this calculation and the corre-
sponding values of u,, 6,, and g, are set to zero (consistent
with zero vertical shear):

Ny Ny
— — 2 iy a 2 — — 2
o ig’(ui - uobsl) i;(ei - Oobs‘) l:zi(qt - qobs‘)
misfit = N o2 NoZ N o2 ,
u-u 079 949,

U obs [ 9 obs
(17)

where Ny, Ng, and N are the number of observations in the
log layer for wind speed, potential temperature, and humidity,
respectively.

A conjugate gradient method is used to solve the above
equation combined with theoretical descriptions of the pro-
files described in section 2. Most conjugate gradient methods
require derivatives of the functional [i.e., the misfit, Eq. (17)]
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with respect to each of the variables being solved, which
is quite awkward when boundary layer stratification is consid-
ered. We applied the Powell method (Powell 1964) to solve
for our log-profile parameters because it has the advantage of
not requiring the explicit solution of derivatives of the func-
tion being minimized. Specifically, we used the subroutine op-
timize.minimize() from the SciPy Python library (Virtanen
et al. 2020).

a. Mismatch between dropsonde data and Monin—
Obukhov similarity theory

A single dropsonde does not provide sufficient sampling to
determine mean vertical profiles of wind, temperature, and
humidity. Unadjusted dropsonde data show a great deal of
observation-to-observation variability because they are influ-
enced by individual eddies. Furthermore, strong precipitation
could impact velocities, temperatures, and humidities in a
manner inconsistent with MOST. Prior studies (Powell et al.
2003; Holthuijsen et al. 2012; Richter et al. 2021) have ad-
dressed this problem by compositing profiles with similar near-
surface wind speeds. This approach assumes that 1) roughness
length is purely a function of winds speed (ignoring sea state)
and storm relative location, 2) atmospheric stratification is
close to neutral, and 3) displacement height is small. Previous
work on composite dropsonde profiles shows a mean log layer
extending several hundred meters into the boundary layer
(Franklin et al. 2003; Powell et al. 2003).

Our approach is to determine the log profiles, constrained
to follow the MOST, that are best fits to individual dropsonde
observations. Rather than attempting to smooth individual
profiles of observations, we attempt to find the best fit to pro-
files that are forced to be consistent with MOST. This is
loosely analogous to the WL150 estimate of u,,, which uses
data from a layer 150 m thick to make this estimate. This ap-
proach relies on the following assumptions.

1) The solutions can be a noisy estimate of an appropriately
sampled profile.

2) Our quality control methods can distinguish between use-
ful (good) matches to dropsonde data and poor matches.

3) Our quality control methods are not too restrictive. They do
not limit the results in a manner that prescribes the outcome.

4) The ensemble of noisy results provides a measure of cen-
tral tendency (such as a mean, median, or mode) that is
insightful (e.g., shows a dependency or lack of depen-
dency on wind speed).

5) The layer to analyze can be identified sufficiently often.

The first requirement does not require that dropsonde data
are an approximate match to a mean profile; however, the
second requirement could do so if log-profile parameters are
limited to be near expectations. Hence, the third requirement
is needed to avoid prescribing results. We must allow solu-
tions to span a much wider range of parameter space than ex-
pected. Since individual solutions might be quite noisy (we
will show this is the case), like prior studies, we must apply
some filtering to examine dependencies. Our approach has
the advantage of being able to address substantial variability
in displacement heights, stability, and roughness length which
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FIG. 4. Log layer (green shading) identified for dropsonde D20201007_134320 dropped by NOA A42 into Hurricane Delta on 7 Oct 2020.
The horizontal axes are (left) wind speed, (center) potential temperature, and (right) specific humidity.

would be linked to issues with dropsondes and to natural vari-
ability in surface fluxes and transfer coefficients.

The greatest weakness of our current approach is that the
layer to be examined was estimated by a student who 1) visu-
ally selected layers that had roughly linear features when plot-
ted as a function In(z — d) and 2) made small adjustments
after accounting for displacement height. Identification of
these layers is described in more detail in the methodology
(section 4e). This limitation is why we consider this study a
proof of concept. Broader application of this profile analysis
technique would greatly benefit from automation of the selec-
tion of heights covered by the log layer (Fig. 4).

b. Determining log-profile parameters

The variables used to parameterize these profiles can be
thought of as fitting parameters: u,, 0., q., d, the natural logs
of each of the roughness lengths, and the values to which the
profiles extrapolate at z = d. Parameters that have positive
and negative bounds that exceed the range of plausible values
[e.g., In(zp) rather than z(] are easiest to work with. Errors in
the assumption that the value of a profile extrapolated to
z = d is equal to the value at z = 0 are amplified exponen-
tially in the solution’s roughness lengths, resulting in relatively
noisy roughness lengths. Without better in situ measurement
of the surface (i.e., at the displacement height), the next best

option was to treat the surface values as unknowns and solve
for them in the same manner we solve the other profile pa-
rameters. A minor downside of this approach is that it re-
quires observations at an additional height in each log profile.

c. Initial guesses

The initial guesses for the log-profile fitting parameters are
determined from the solutions to fits of the neutral equations
("W = 0), with the surface values set to the dropsonde’s surface
values (and 7z, = O m s~ 1). Neutral or near-neutral conditions
(~—0.07 < z/L < +0.005; Stopa et al. 2022) have been com-
mon assumptions in the context of tropical cyclone boundary
layers (e.g., Powell et al. 2003). The stratification term (¥), as
previously mentioned, is a function of the height divided by
the Obukhov length (z/L). The z/L is proportional to the ratio
of turbulent kinetic energy (TKE) production by buoyancy to
TKE generated by wind shear instabilities. In TC conditions,
the shear stress is much larger than the buoyancy flux, which
means the magnitude of z/L is small and the magnitude of ¥
is small (regardless of parameterization). This situation suggests
that a neutral profile (¥ = 0) will often be a good approxima-
tion. The initial guess uses a surface g that is calculated using
the observed dropsonde temperature at z = d, the highest ob-
served dropsonde pressure, and an estimated sea surface RH of
98%, which is reduced from 100% due to salt in the water
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TABLE 3. Lower and upper bounds are chosen for
minimization function. The subscript d represents the profile
values at the height z = d. The LB indicates the height of the
lower boundary of the log layer. The values inside the natural
logs have units of meters.

Unknown Search bounds Unknown Search bounds
U, 0.1, 6.0 m st i, Ugge, + 35ms™!

0, -05,05K 0, Oy, = 3.5K
q. -05,05gkg ! q, dy. *2.5gkg™!
d —-15,LB m In(zo) In(10®), In(10)
In(zo6) In(10~%), In(10) In(zo4) In(10~%), In(10)

(Feistel et al. 2010). A consequence of this approach is that all
three profiles can be treated as independent. The solutions have
negligible sensitivity to first guesses, provided they are not seri-
ously inconsistent with the data.

d. Bounds for solutions and related quality control

To apply this to the profile fitting, it was necessary to set
physical bounds for each of the 10 variables being determined
(Table 3) and a requirement that these bounds be wide to
avoid prescribing results. Solution variables that match one of
the search bounds indicate that the conjugate gradient
method was trying to find a solution outside the bounds and
that the solution is unlikely to be a good fit to the data for
that variable. The variable flagged as matching this bound is
almost always a roughness length. This occurs despite bounds
being set to a very large span to avoid flagging too large a
fraction of the data. However, this approach does mean that
the roughness lengths should be used with caution. These
bounds are listed in Table 3. At least one limit is matched for
122 wind profiles, 137 temperature profiles, and 198 moisture
profiles from the batch of 387 dropsondes that we processed.

e. Identification of the log-like layers

MOST analysis methods assume that the data used in the
analysis are from within the log layer (also called the constant
flux layer, referring to near-surface vertical turbulent fluxes),
which is typically defined as above a roughness layer and be-
low an Ekman layer. The roughness layer is found between
the surface and the constant flux layer. Roughness layers oc-
cur due to airflow around, between and over roughness ele-
ments (i.e., the structures making the surface rough: e.g.,
crops, forests, buildings, or waves). In TCs, surface waves can be
quite large (10 m or more) (Wright et al. 2001; PopStefanija et al.
2021; Walsh et al. 2021), but the roughness layer over water is
only a fraction of this height (Bourassa et al. 1999). Hypotheti-
cally, a spray layer or flow over waves could cause an extension
of the roughness layer. In 15% of the dropsonde profiles, e.g.,
the example in Fig. 2, we exclude data from >10 m below a log-
like layer.

The upper extent of a log-like layer can be difficult to iden-
tify in cases that smoothly transition from a log layer. This
kind of problem is shown clearly in analyses of wave tank
mean winds (Bourassa et al. 1999). Our methodology does
not require data from the whole log-profile region. It con-
verges on a good fit to the data provided there are enough
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data in the log layer being examined and provided the profiles
are not too large a departure from MOST. We are cautious to
avoid including data from above the log layer. Identification
of the upper boundary, and particularly the lower boundary,
benefits from repeated use of the analysis code to evaluate
layers (in part due to changing displacement heights and strat-
ification) and the sensitivity of the best-fit profiles to these pa-
rameters. This manual determination of the vertical bounds
of log layers is very tedious and time consuming. The time in-
volved in identifying log layers was the limiting factor in the
number of dropsondes we processed. Future developments
should include automation of this process.

We found that for wind speeds < 20 m s~' we needed a
thicker boundary layer to reduce noise in our results. Rather
than requiring data from at least four heights, requiring data
from at least seven heights greatly reduced the scatter. For
greater wind speeds, an increase in the requirement has insig-
nificant impact, other than to reduce the number of our
solutions.

Log layers that we identified within individual dropsonde
profiles are not nearly as thick as layers found in studies that
binned dropsondes. This difference in characteristics could be
related to dropsondes’ poor sampling of a mean combined
with increasing space and time scales of eddies further from
the surface. Automated identification of the TC boundary
layer will likely be required to further examine the upper
bound of a log layer; thus, we do not pursue this question
herein.

5. Results and discussion

Our methodology determines values for boundary layer
variables consistent with the best fit to dropsonde profiles in a
selected log layer near the surface. These best-fit profiles are
used to estimate near-surface (i.e., 10 m above the displace-
ment height) values of wind speed, temperature, and humid-
ity. Surface fluxes [Eqs. (11)—(13)] can also be calculated as
products of the dimensional scaling parameters (u,, 6., q.)
without the underlying assumption of a transfer coefficient or
roughness length dependency on friction velocity. Example
output (Fig. 5) shows the calculated profiles plotted over the
dropsonde data, and it displays the boundary layer parame-
ters, extrapolated near-surface values, and calculated fluxes.
The near-surface wind speed, temperature, and humidity can
be combined with the dimensional scaling parameters to de-
termine transfer coefficients [Egs. (14)-(16)]. We largely fo-
cus on measures of central tendency as a function of wind
speed because of the noise in individual observations. In the
following sections, we will first examine parameters related to
our assumptions about displacement height (section 5a) and
stratification (section 5b) and then demonstrate that 1) the
surface wind speeds are similar to NOAA estimates of these
winds (section 5c), 2) the median drag coefficient for wind
speeds from 10 to 20 m s~ ! is a good match to well-known in
situ values (section 5d), and 3) that our median Cp, has a de-
pendence on near-surface wind speed that is qualitatively sim-
ilar to prior observations (section 5d). These findings help
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FIG. 5. Solution profile (green lines) calculated for the selected log layer (shaded) selected from dropsonde D20201007_043433 (black
dots) launched into Hurricane Delta by NOAA43 on 7 Oct 2020. All heights are relative to d. Variables in profile parameterizations
[Egs. (1)-(3)], extrapolated 10-m values, and calculated fluxes are listed below the profile graphics. The surface-reduced WL150 wind

speed is shown in comparison to the extrapolated 10-m wind.

provide confidence in our results. Results are also presented
for surface turbulent fluxes (section 5e).

a. Displacement height

One of the motivations for developing our methodology
was that displacement height could be substantial in a storm
and would likely depend on wave characteristics as well as
wind. Over the ocean, a displacement height due to waves (d)
is no more than 80% of the significant wave height (Bourassa
2006) and is normally treated as zero over water. Prior studies
have treated displacement height as negligibly small. Another
motivation was that errors in estimation of the surface can be
removed through inclusion in displacement height.

A scatterplot of displacement heights as a function of wind
speed (Fig. 6) shows a great deal of scatter. Scatter is expected
to be due to the relatively poor characteristics of dropsonde
observations for our fits to log profiles and due to errors in
the estimation of the surface. Some of this variability could
also be due to natural processes that vary throughout storms
(e.g., sea state). A rolling bin system is used to calculate statis-
tics (median and uncertainty in a mean), where the lower
boundary of the lowest wind speed is u,, — %, = 11. The bin
width starts at 8 m s~ for the lowest wind speed values and
incrementally increases linearly up to a maximum of 20 m s~
when the lower bound is 54 m s'. The blue solid line

represents the median value at each bin center. The blue
dashed lines represent the uncertainty in the mean (i.e., stan-
dard error), defined as *1 standard deviation divided by the
square root of the number of data points within the bin
(+10/V/N). This uncertainty includes random errors in our so-
lution, geophysical variability due to factors other than wind
speed, and errors in the estimation of the surface. Lighter
shading, regardless of color, represents the 10th-90th percen-
tiles. Darker shading, regardless of color, represents the 25th—
75th percentiles (quartiles). Blue color shading represents
bins with 28 or more data points (a continuous region of more
confidence), indicating relatively high confidence. Gray color
shading represents bins with fewer than 28 data points, indi-
cating relatively low confidence.

The distribution of our displacement heights shows a depen-
dency on wind speed (Fig. 6): The median displacement increases
as wind speed increases. This figure confirms the approximately
5-m random error and confirms the systematic response sug-
gested by H. Vomel (2021, personal communication) and Richter
et al. (2021), but it cannot determine if the systematic response is
an error. The large median value and trend are tantalizing signs
that another process could be coming into play for wind speeds
> 25 m s~ . Regardless of the interpretation, these results sug-
gest that there is merit in methods that account for nonzero dis-
placement heights.
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FIG. 6. Displacement heights as a function of wind speed. The
scatterplot is statistically analyzed using a rolling bin system. The
solid blue line represents the median at bin centers. The blue
dashed lines represent uncertainty in the mean (=1 standard devia-
tions divided by the square root of the number of data points
within the bin). Regardless of color, darker shading represents the
25th-75th quartiles, and lighter shading represents the 10th-90th
percentiles. Blue shading represents bins with 28 or more data
points and an acceptable level of confidence. Gray shading indi-
cates fewer than 28 points per bin and relatively low confidence.

For wind speeds below 35 m s~ !, there is a small positive mean

combined with a random distribution. For wind speeds > 40 ms ™!,

there is a stronger tendency for positive values.

If the systematic increase in displacement height with in-
creasing wind speed is not due to systematic errors in assigning
(or defining) the surface height from dropsonde data, this in-
crease might be due to a spray layer (Andreas 1992; Andreas
et al. 1995; Andreas and Emanuel 2001). Previous studies have
suggested that these layers of spray have a friction-reduction
effect and should reduce both the drag coefficient and stress
(Andreas and Emanuel 2001; Emanuel 2018; Troitskaya et al.
2019), which is qualitatively consistent with our Figs. 9 and
11a. In concept, momentum lost to spray is extracted from the
stress that contributes to wave-induced surface roughness (z).
Consequently, there is a change in the balance between sur-
face wind speed, stress, and roughness length. Further analysis
with boundary layer profiles combined with surface stress esti-
mates from in situ platforms like uncrewed surface vehicles
(USVs) or aerial systems (UASs) could be helpful to improve
our understanding of these processes and interpret the cause
of the displacement height dependency on wind speed.

b. Boundary layer stratification

Near-neutral conditions (~—0.07 < z/L < +0.005; Stopa
et al. 2022) have been approximated as neutral in the context
of TCs (e.g., Powell et al. 2003). This study is the first
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FIG. 7. Dimensionless Obukhov length scale as a function of
wind speed. This plot demonstrates that stratification is usually
slightly unstable (W < 0) rather than neutral (¥ = 0) for TC condi-
tions. Binning, formatting, and statistics follow the descriptions of
Fig. 6.

demonstration of this expected result: almost all the values of
Z/L calculated from dropsonde data fall in the range of near-
neutral conditions (Fig. 7). Most of the calculations for stratifi-
cation are negative, indicating slightly unstable conditions. This
is to be expected from a boundary layer that is warmed from
below. This finding supports the approximation of near-neutral
stratification in prior studies and indicates that surface turbulent
fluxes and transfer coefficients are slightly larger than if they
were calculated assuming neutral conditions.

c¢. The 10-m wind speed

An important output of this methodology is the 10-m wind,
i, which is used to calibrate airborne remote sensors for mea-
suring surface winds in TCs, and the airborne instruments are in
turn used to calibrate satellite observations. Our calculation ap-
plies Eq. (1), for the best-fit log-layer profile, where z — d = 10 is
a height of 10 m above the displacement height d. The currently
favored approach to estimating a 10-m wind from dropsonde data
is the surface-reduced WL150 (WL150,p) which, as discussed in
the introduction, is a layer mean of the lowest 150 m of dropsonde
wind data with a reduction coefficient applied to account for the
height of this layer (Uhlhorn et al. 2007; Franklin et al. 2003). To
compare the two methodologies, a scatterplot is shown in Fig. 8.
There is substantial variance throughout, increasing as wind speed
increases. These show an excellent fit of WL150 relative to our
i, from 20 to 35 m s~ 1 and an overestimation of WL150;, rela-
tive to our u, from 35 to 50 m s~'. Tt should be noted that
WL150y is at height z = 10, whereas our methodology is at
height z = d + 10. The similarity of the two methodologies is en-
couraging, but cannot be treated as proof our methodology
works.
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F1G. 8. Surface-reduced WL150 vs log-layer extrapolated 10-m
wind speed for all dropsonde profiles analyzed. The solid blue line
is the median #,, from the WL150 method vs the median #,,, from
the dropsondes; the blue dashed lines represent dropsonde ,, * 1
standard deviation uncertainty in the mean difference. All statis-
tics calculated by rolling bins in steps of 0.1 m s~ ! with bin widths
starting at 8 m s~ ! and increasing linearly across the range up to
20ms .

d. Drag coefficient

Our drag coefficients are shown in Fig. 9. A comparison of
results with this current methodology to those of some past
studies is depicted in Fig. 10. The median drag coefficients for
10-20 m s~ wind speeds are consistent with well-tested in
situ observations. This match is notably better than prior stud-
ies (Powell et al. 2003; Holthuijsen et al. 2012; Richter et al.
2021), suggesting (but not confirming) a strength of the profile
analysis presented herein. However, the wide error bars pre-
vent this speculation from being confirmed. Speculatively, our
use of displacement height to adjust the profiles to a common
surface height seems most likely to be responsible for this dif-
ference in results.

It is interesting to note that the peaks in the quartiles occur
at similar wind speeds as the cross-swell front left sector data
from both studies shown (Powell 2006; Holthuijsen et al.
2012; Fig. 10b). We have too few samples to evaluate for dif-
ferences in sector averages. The uncertainty in Cp, is too great
to confirm that Cp drops for extreme winds as suggested by
previous studies (Powell et al. 2003; Holthuijsen et al. 2012;
Richter et al. 2021).

e. Turbulent fluxes of momentum, sensible heat, and
latent heat

Panels of the three turbulent fluxes mentioned are shown in
Fig. 11. The stress (Fig. 11a), sensible heat flux (Fig. 11b), and
latent heat fluxes (Fig. 11c) each steadily increase with wind
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FIG. 9. Drag coefficient as a function of wind speed. Binning,
formatting, and statistics follow the descriptions of Fig. 6.

speed, possibly saturating for wind speeds around 4045 m s~ L.

The error bars become quite large for wind speeds above this
range. There are 17, 13, and 16 values of stress, sensible heat
flux, and latent heat flux, respectively, that exceed the range of
values shown in Fig. 11. Despite a median having little sensitiv-
ity to outliers, the fact that most of these outliers are larger than
the median suggests a skewed error distribution that could in-
clude a positive bias. Most of these outliers are associated with
roughness lengths that are much larger than the roughness
lengths for fluxes near the medians.

The densest cluster of latent heat fluxes as a function of
wind speed has values that are similar to spray-modified
fluxes, as discussed by Yang et al. (2024, 2025). Larger sensi-
ble heat fluxes would have been a better indicator of sea spray
modifying fluxes. Sensible heat flux values at the 75th percentile
are similar to the wind speed dependency of spray-mediated
fluxes found by Yang et al. (2024, 2025) for i, < 45m s~ Our
sampling for u,, > 45 m s~ is too sparse and too uncertain to
draw conclusions about changes in the dependency on wind
speed, and the rolling bin size for wind speeds extends this prob-
lem down to &, > 35 m s~ ! for the median and uncertainties.
Reduced uncertainty in the medians or enough observations
to support cluster analysis would likely be needed to confi-
dently assess the hypothesis that spray enhances sensible and
latent heat fluxes as suggested by Andreas and Emanuel
(2001).

6. Conclusions

We have developed a methodology to determine log-profile
parameters and fluxes based on MOST profiles that are best
fits to dropsonde-based data for wind speed, potential
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FIG. 10. (left) A comparison of median binned drag coefficients from this study (blue solid line) with other pub-
lished values (Large and Pond 1981; Smith 1988; Powell et al. 2003; Holthuijsen et al. 2012; Richter et al. 2021). The
dashed blue lines show the uncertainty in the mean (*1 standard deviation divided by the square root of the number
of data points within the bin). (right) Comparison to studies broken down by storm sector (Powell 2006; Holthuijsen

et al. 2012).

temperature, and specific humidity. This methodology enables
us to determine log-profile parameters for each dropsonde that
are a sufficiently close match to MOST (10.4% of cases we ex-
amined; 25% of those that had data near the surface), albeit
with considerable uncertainty. A dropsonde’s poor temporal
sampling combined with natural variability within a TC
environment causes the poor match to MOST and causes sub-
stantial fractions of unexplained variability in our estimated log-
profile parameters. The methodology is shown to work in all
azimuthal sectors for TC intensities ranging from tropical
storm to category 5 hurricane. A weakness of this technique
applied to dropsonde data is a very large relative uncertainty
in the roughness length for each profile variable. Medians
are used to examine how boundary layer variables change
with wind speed. Across all wind speeds, strong eddy mo-
tions and presumably gusts from precipitation can distort the
wind profile, and when they are present, individual drop-
sonde profiles can be so nonrepresentative of a mean profile
as to prevent physically plausible solutions. The findings
herein demonstrate our approach applied to data from drop-
sondes in TCs. This is far from an ideal application, but does
provide a method for obtaining boundary layer parameters
in a TC environment. An approach to smoothing dropsonde
data developed by R. Foster (2019, personal communica-
tion) has shown that large changes in values for neighboring

heights can often be accounted for (assuming the changes
are due to eddies). Applying such a technique could increase
the number of usable cases and reduce the noise in our re-
sults. Another weakness of this methodology is that the layer
to be examined is determined subjectively. Future applica-
tions of this technique would likely benefit from exploration
of methods to reduce this uncertainty as well as automated
selection of the log layers. The methodology should work
much better for observations that produce more accurate
mean profiles.

One of our main goals is to help improve the understanding
and dropsonde-based estimation of surface wind speeds in
TCs. While more work could be done to reduce uncertainty
of our methodology, we can argue that it follows the physics
of the near-surface layer better than the more statistically
based WL150 because our solutions are constrained to follow
MOST and account for displacement height. On the other
hand, WL150’s average over heights reduces errors associated
with undersampling profiles. For u#,, < 25 m s7!, modest
systematic differences speak well for both techniques. For
25 > u,, > 50 m s71, WL150 overestimates our estimated
10-m winds by 2-3 m s~ !. These differences are likely in part
due to the small number of profiles available when the WL150
methodology was developed. This difference could also be due
to the subsampling needed for our methodology to produce
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FI1G. 11. (a) Stress (momentum flux), (b) sensible heat flux, and (c) latent heat flux, all as functions of the 10-m wind speed relative to the
wind speed at d. Binning, formatting, and statistics follow the descriptions of Fig. 6.

solutions. A key conceptual difference between these method-
ologies is that our estimate of u,, considers displacement
height, which is a vertical offset of the log profile. We found
large and seemingly random variability in individual dropsonde
profiles, however, the median displacement height (a vertical
offset of the base of the log layer) increased as wind speed in-
creased, suggesting that waves, sea spray, or something else was
causing this trend in vertical displacement.

Another goal is to estimate turbulent fluxes in TC condi-
tions since most in situ flux measurement instruments are
aboard ships and aircraft that rarely enter the boundary layer
of a TC. By finding the MOST profiles that are best fits to the
observations, we are able to produce these fluxes in a manner
that does not assume neutral boundary layer stratification.
Our analysis finds that for #,;, < 40 m s, the boundary layer
stratification is usually unstable and within the category of
near-neutral conditions Stopa et al. (2022). The slope of the
median of the drag coefficient, Cp, agrees well with other ob-
servations (Large and Pond 1981; Smith 1988) for wind speeds
at which those parameterizations apply, however, the uncer-
tainty in our results is too large to confidently say our Cp is
different from prior studies.

The dependencies of turbulent heat fluxes and displacement
height on wind speed provided hints of the spray-induced in-
creases in these fluxes found by Yang et al. (2024, 2025) that might
be linked to this trend in vertical offset; however, dropsonde ob-
servations do not provide enough information to determine the
cause of this vertical offset. Observations from a UAS or USV
might be able to provide direct estimates of the fluxes through
eddy covariance or a UAS might be able to provide boundary
layer profiles with sufficient sampling to use log-profile methods
to determine fluxes and test hypotheses about wave-related and
spray-related changes in the boundary layer.

The large natural variability of TC wind profiles combined
with poor temporal sampling of dropsondes is likely responsible
for the large variability in the boundary layer parameters derived
by this technique. If so, improved sampling of the boundary layer
should reduce uncertainty. Higher percentage of profiles would
likely be applicable in the future if new dropsondes (or other
probes) would be equipped with sensors capable of obtaining
more observations within the log layer and ideally a much slower
fall rate in the log layer. Alternatively, if a drone could survive in
this environment, it could provide multiple profiles that could be
combined to produce better mean profiles.
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APPENDIX

Tables of Variables

WALLACE ET AL.

Tables Al and A2 show definitions of all symbols and
subscripts, respectively, used herein.

TABLE Al. List of symbols.

839

Symbol Name Units Description

Cp Drag coefficient, momentum Unitless Ratio of friction velocity (u.) squared to wind

transfer coefficient speed squared

Cp Heat capacity Tkg ' K! Energy required to heat 1 kg or air 1 K

d Displacement height m A vertical offset of the portion of the wind
profile representing the log layer

k Von Kéarman constant ~ 0.4 Unitless Boundary layer constant

L Obukhov length (m) m z/L represents the ratio of buoyant production
(or consumption) of TKE relative to
production from wind shear

Ly Latent heat of vaporization Tkg! Energy required to convert 1 kg of water to
water vapor

N No. of observations in the log layer Unitless

q Specific humidity kg kg ! Ratio of mass of water vapor in 1 kg of air to
the mass of the air.

q. No common simple name kg kg ! Nondimensionalizing scale (kg kg™ ') for the
difference in mean specific humidity between
height z and the displacement height (d)

OQlat Latent heat flux Wm st Upward flux density of energy stored as water
vapor

Qlat Sensible heat flux Wm2s! Upward flux density of energy stored as heat
without change of phase

u Horizontal wind speed ms! Horizontal wind speed in the vector mean wind
direction

u, Friction velocity ms ! Nondimensionalizing scale for the difference in
mean wind speed between height z and the
displacement height (d)

z Height m Height above the surface. Surface is not clearly
defined, but this variable is used in the form
z — d, where d is relative to the same ill-
defined surface.

20 Roughness length m Displacement height (m): a vertical offset of the
portion of the wind profile representing the
log layer

0 Potential temperature K Temperature of air if it were moved to a
standard pressure level due to changes in
volume without changes in phase

0. No common simple name K Nondimensionalizing scale (K) for the difference
in mean potential temperature between height
z and the displacement height (d)

v Stratification term is modified log- Unitless The vertical integration of the impact of

profile equations stratification on vertical shear

14 No common simple term Unitless Variable for collecting simplifying variables in ¥

p Air density kgm? Density of moist air at height d

o Standard deviation

T Stress N m2 Downward flux density of horizontal momentum
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TABLE A2. Definition of subscripts.
Subscript Description
i Indicates values are from a particular level. The value of i is the index for that level
D Indicates the value is from the extrapolation of the log profile to the lower boundary of the
layer at the displacement height or surface if d = 0
10 Indicates the value is from 10 m above the displacement height
obs Indicates observational data
u, 6, and g A subscript indicating association with wind speed, temperature, and humidity profile,
respectively
M, H, or E A subscribe indicating association with momentum, sensible heat, or moisture, respectively
sfcy Value at the surface provided in the dropsonde data
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