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Abstract: We examine the co-variability between the surface wind divergence and vorticity and
how it varies with latitude in the Pacific Ocean using surface vector winds from reanalysis and
satellite scatterometer observations. We show a strong correlation between divergence and vorticity
throughout the extratropical oceans. From this observation, we develop a dynamical model to explain
the first-order dynamics which govern this strong co-variability. Our model exploits the fact that for
much of the time, the large-scale surface winds are approximately in a steady-state Ekman balance to
first order. An angle α′ is derived from Ekman dynamics by utilizing only the surface divergence and
vorticity and is shown to succinctly summarize the co-variability between divergence and vorticity.
This approach yields insight into the dynamics that shape the spatial variations in the large-scale
surface wind field over the ocean; previous research has focused mainly on explaining variability
in the vector winds rather than the derivative wind fields. Our model predicts two steady-state
conditions which are easily identifiable as discrete peaks in α′ Probability Distribution Functions
(PDFs). In the Northern Hemisphere, steady-state conditions can be either (1) diverging, with negative
vorticity, or (2) converging, with positive vorticity. We show that these two states correspond to
relative high and low sea-level pressure features, respectively. Southern Hemisphere conditions are
similar to those of the Northern Hemisphere, except with the opposite sign of vorticity. This model
also predicts the latitudinal variations in the co-variability between divergence and vorticity due
to the latitudinal variation in the Coriolis parameter. The main conclusion of this study is that the
statistical co-variability between the surface divergence and vorticity over the ocean is consistent with
Ekman dynamics and provides perhaps the first dynamical approach for interpreting their statistical
distributions. The related α′ PDFs provide a unique method for analyzing air–sea interactions and
will likely have applications in evaluating the surface wind fields from scatterometers and weather
and reanalysis models.

Keywords: divergence; vorticity; Ekman dynamics; ocean vector winds; QuikSCAT; ASCAT; ERA5

1. Introduction

Ocean surface wind vector measurements provide critical information for weather
forecasting, climate study, ship route planning, and military operations [1]. These mea-
surements are collected primarily through satellite remote sensing of the vector winds
over the ocean using a constellation of satellite scatterometers. Scatterometers measure
the ocean surface roughness which is directly linked to the surface wind speed and di-
rection. This link is unique to the processing of each satellite scatterometer. Therefore,
generating an intercalibrated ocean wind climate data record from multiple satellites that
includes a research-quality dataset for the divergence and vorticity is imperative since these
measures are sensitive indicators of subtle but important spatial variability in the surface
wind field [2–5].

The surface divergence and vorticity, calculated from the wind field, are directly
linked to vertical motion in the atmosphere and ocean [6–8] (i.e., precipitation and Ekman
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pumping) and are important quantities in weather forecasting and research. Explain-
ing variability in the divergence and vorticity thus provides important insight into the
three-dimensional large-scale circulation of the atmosphere and upper ocean. However, a
significant challenge exists in evaluating the accuracy of the scatterometer divergence and
vorticity fields since there are practically no other independent means of estimating these
fields from observational sources, although estimates are available from numerical weather
prediction (NWP) reanalysis fields.

One key advantage of satellite surface vector wind measurements is the ability to
estimate the spatial derivative wind fields, namely the divergence and vorticity, from
simultaneous wind measurements over a large swath. Spatial wind derivatives contain
two key and independent pieces of information beyond the wind vectors themselves: the
spatial change in wind speed and direction, and a length scale over which the winds
vary. Both pieces of information are driven by the underlying dynamics of the wind field
and are limited by the accuracy of the winds and the spatial resolution capabilities of the
satellite or model wind field from which they are derived. Point measurements such as
buoy-mounted anemometers lack the spatial coverage by which to estimate spatial wind
gradients, except in exceptionally rare cases in which an array of instruments is constructed.
Scatterometers thus provide unique observations of key physical variables. The lack of
independent derivative wind field measurements presents a challenge to evaluate the
quality of the derivative wind fields from satellites. While challenging, progress has been
made to quantify uncertainties in the spatial wind field derivatives [5,8–10]. Additionally,
the dynamics that govern variability in the derivative wind fields in space and time and
their associated statistical distributions have received relatively little research attention.
One goal of this analysis is to develop an analytical metric to aid in evaluating statistical
distributions of divergence and vorticity in the context of the leading-order dynamics
governing the surface wind field. Besides improving our understanding of surface wind
dynamics, this goal will partially address a key knowledge gap associated with how to
independently evaluate scatterometer divergence and vorticity fields.

This research focuses on two satellite scatterometers, QuikSCAT and ASCAT-A, each
of which provide long data records of accurate vector winds over most of the ice-free
ocean. QuikSCAT was operational between October 1999 and November 2009, and ASCAT-
A began operations in March 2007 and ended operations on 15 November 2021. Each
instrument utilized an active microwave radar which infers surface winds by measuring
the intensity of microwave radiation backscattered off the wind-roughened ocean surface
from multiple viewing geometries. Different scatterometer products have different spatial
resolution and wind vector qualities [1,11]. Moreover, Ku-band scatterometers, such as
QuikSCAT, can suffer wind accuracy degradation from rain contamination in areas such as
those with moist convection [12,13] and extratropical cyclones. Therefore, understanding
the differences between scatterometer data and NWP models allows for the improvement of
underrepresented processes in the models. For example, excessive mean zonal wind speed
and low mean meridional wind speeds in model data (ERA5) compared with scatterometer
observations result in excessive surface wind stress curl and has been theorized to be due
to the absence of surface drag in the model data [14,15].

The analysis presented here focuses on interpreting the statistical co-variability of surface
divergence and vorticity from instantaneous wind fields (Figure 1a–c). Most often, studies
of satellite derivative wind fields focus on monthly or longer time averages of some process
or phenomena [1,4,10,11,14–24] rather than the analysis of instantaneous fields [12,13,25–29].
Holbach and Bourassa [26] studied the vorticity variability of QuikSCAT vorticity fields
in the eastern tropical Pacific to understand the effects of gap wind events on tropical
cyclogenesis. The present study builds upon the previous research by analyzing the
statistical distributions and physical processes associated with variability of the derivative
wind fields. This analysis is made possible by the collection of long-duration and high-
quality ocean vector wind data records [29]. This study also explains the leading-order
statistical properties of the derivative wind fields in terms of the dynamics of large-scale
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surface winds over the ocean. The improved understanding of the dynamics helps to
highlight and explain the differences in spatial wind derivative fields between observations
and models.
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Figure 1. Global divergence and vorticity cross-correlation coefficients calculated for (a) QuikSCAT,
(b) ASCAT-A, and (c) ERA5. Calculations used the entire 2-year period between June 2007 and
May 2009 and a 1◦ latitude by 1◦ longitude-centered window that was varied in latitude/longitude
increments of a quarter degree globally. The dashed line is centered at 145◦W.

The divergence and vorticity are well correlated over most of the global oceans away
from the tropics, and the magnitude of this correlation increases with latitude, as shown
in Figure 1. A negative (positive) correlation between divergence and vorticity is ob-
served over the two-year period in the Northern Hemisphere (Southern Hemisphere).
This correlation between divergence and vorticity is apparent in QuikSCAT and ASCAT-A
scatterometers and from the ERA5 reanalysis, although significant differences in this corre-
lation exist among the three platforms. This is the first report of a cross-correlation between
divergence and vorticity over the global oceans and forms the primary motivation for this
study. To determine and explain the dynamics of this strong relationship, we exploit the
fact that, for much of the time, the steady large-scale surface winds are approximately in
steady-state Ekman balance, which is a balance between the pressure gradient, Coriolis,
and frictional forces. This dynamical approximation predicts certain properties of the
co-variability between the surface divergence and vorticity and variations with latitude,
which can be tested using the scatterometer and reanalysis winds.

The primary goal of this research is to statistically describe the co-variability between
the surface divergence and vorticity over the global oceans. Further, we seek to develop a
mathematical framework for evaluating the statistical distributions of the derivative wind
fields using theory, which is presented in Section 2. Finally, we seek to apply this metric for
inter-platform comparisons between various satellite scatterometer and numerical weather
prediction model wind fields, which are presented in Sections 3 and 4.
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2. Methods

We seek to develop a mathematical framework for evaluating the statistical distribu-
tions of the divergence and vorticity variability over the ocean from steady-state Ekman
dynamics. We hypothesize that Ekman dynamics, which governs the large-scale winds over
the ocean, also describe the leading-order dynamics of divergence and vorticity. Steady-
state Ekman dynamics is based on a momentum balance (Equation (1)), which includes
a frictional term in addition to the pressure gradient and Coriolis terms. This results in a
cross-isobar wind vector relative to the sea-level pressure (SLP) isobars, with a component
that points from high to low pressure, as shown in Figure 2. Therefore, wind vectors
will diverge with anti-cyclonic vorticity out of a high-pressure region and converge with
cyclonic vorticity into a low-pressure region [30]. In the mid-latitudes, the average angles
between the geostrophic wind vector and the actual wind vector (α) are estimated to be
15◦, as used by the Bakun index [31], but these can vary significantly.
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Figure 2. Schematic illustrating the principal force balance associated with steady-state Ekman

dynamics in the Northern Hemisphere. In this schematic, the pressure gradient force (
⇀
F P), drag

force (
⇀
F D), and Coriolis force (

⇀
F C) are in a balanced state with no net acceleration of the surface air.

The angle α is defined as the clockwise angle from the geostrophic wind vector (
⇀
Vg) to the surface

wind vector (
⇀
V), where the geostrophic wind vector is perpendicular to the pressure gradient force.

The angle θ′ is defined as the angle from the pressure gradient force vector to the surface wind vector.
In this schematic, θ′ is negative and between 0◦ and −90◦.

The Equation of horizontal motion at the surface in steady-state Ekman dynamics is
written as:

f k̂ ×
⇀
V +

1
ρo

⇀
∇H p − 1

ρo

∂
⇀
τ

∂z
= 0, (1)

where f is the variable Coriolis parameter f = 2Ωsin(φ), φ is the latitude,
⇀
V is the 10-m

horizontal wind vector, k̂ is the direction perpendicular to the surface, ρo is a constant

surface air density,
⇀
∇H is the horizontal del operator, p is the sea-level pressure,

⇀
τ is the

horizontal wind stress vector, and ∂
∂z is the partial derivative in the k̂ direction. The main

assumptions applied here from the full Equation of motion include a small Rossby number,
steady-state conditions, and no vertical momentum advection.

Following previous work [30,32], we use the standard bulk aerodynamic formula for
a well-mixed boundary layer to approximate the vertical turbulent stress divergence at the
ocean surface as:

∂
⇀
τ

∂z
≈ −

ρoCd

∣∣∣∣⇀V∣∣∣∣⇀V
h

, (2)

where Cd is the 10 m drag coefficient and h is the Ekman (surface) boundary layer height.
This assumption relegates the role of the turbulent stress divergence to surface friction and
neglects the possible role of vertical turbulent momentum redistribution from above h to
the surface through the entrainment of free-tropospheric air into the boundary layer.
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With these assumptions, Equation (1) becomes:

f k̂ ×
⇀
V +

1
ρo

⇀
∇H p +

Cd

∣∣∣∣⇀V∣∣∣∣
h

⇀
V = 0. (3)

Patoux and Brown [32] showed that, by taking the curl of Equation (3), a relationship
exists between the ratio of the Coriolis parameter and the surface wind stress (i.e., the
magnitude of the drag force) to the ratio of the surface vorticity and divergence:

k̂·
(

⇀
∇H ×

⇀
V
)

(
⇀
∇H ·

⇀
V
) = − f

a
, (4)

where a = Cd |
⇀
V |

h . Given typical mid-latitude oceanic values for wind speed of 7 m s−1,
a drag coefficient of 1.4 × 10−3 and an Ekman boundary layer height of 280 m results in
a = 3.5 × 10−5 s−1. The Ekman layer depth is often shallower than the more familiar
boundary layer depth [33,34]. Note that a term related to the latitudinal gradient of f
(i.e., the so-called beta term) is not considered here due to its typically much smaller
magnitude compared with the other terms in the expansion. Equation (4) does not restrict
the signs of divergence and vorticity individually but only the sign of their ratio. Therefore,
in the Northern Hemisphere, given that a is positive-definite and f is positive, there are
two possible combinations of vorticity and divergence depending on their sign, each
consistent with winds in steady-state Ekman balance: (1) positive divergence and negative
vorticity; and (2) convergence and positive vorticity. The converse occurs in the Southern
Hemisphere, where f is negative.

Analysis of the vorticity to divergence ratio in Equation (4) becomes difficult when the
divergence goes to zero and the ratio becomes undefined. Patoux and Brown [32] examined
the mesoscale variance of vorticity to the mesoscale variance in divergence, finding a
larger ratio in the mid-latitudes than in the tropics. We, however, developed a method
to understand the vorticity to divergence ratio in terms of an angle, which circumvents
this singularity issue. The relationship between the divergence and vorticity (Equation (4))
can be expressed as an angle α′ using Clifford algebra [35]. Clifford algebra, for any two-

dimensional vector field, is used to express the spatial derivative of the wind vector (
⇀
∇H

⇀
V)

as the complex sum of divergence and vorticity (Equation (5)). When expressed in polar
form (Figure 3a), the relationship between vorticity and divergence becomes

⇀
∇H

⇀
V =

(
⇀
∇H ·

⇀
V
)
+

(
⇀
∇H

∧⇀
V
)
⇒

(
⇀
∇H ·

⇀
V
)
+ i

[
k̂·
(

⇀
∇H ×

⇀
V
)]

= Meiα′ , (5)

where

α′ = tan−1

 k̂·
(

⇀
∇H ×

⇀
V
)

(
⇀
∇H ·

⇀
V
)

, (6)

M =

√∣∣∣∣⇀∇H ·
⇀
V
∣∣∣∣2 + ∣∣∣∣k̂·(⇀

∇H ×
⇀
V
)∣∣∣∣2. (7)
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Thus, combining Equations (4) and (6) results in the following expression, which
alleviates the singularity issue of zero divergence in the ratio in Equation (4):

α′ = tan−1

 k̂·
(

⇀
∇H ×

⇀
V
)

(
⇀
∇H ·

⇀
V
)

 = tan−1
(
− f

a

)
. (8)

Equation (8) implies that steady-state Ekman balanced flow in the Northern Hemi-
sphere can be either anti-cyclonic with diverging winds (0◦ ≤ α′ ≤ −90◦) or cyclonic with
converging winds (90◦ ≤ α′ ≤ 180◦). As stated earlier, we exploit the fact that, on average,
the steady large-scale surface winds are approximately in steady-state Ekman balance.
Therefore, we expect to statistically find most of the surface winds to be in one of these
two states.

Angular dependent relationships like Equation (8) have been studied before, by
analyzing relationships between the sea surface temperature gradient (SST) and wind
stress [21] as well as coupling the natural components of SST and natural components of
the wind vectors [36]. However, in this work, the angular dependence between divergence
and vorticity is derived directly from Ekman dynamics.

This representation of vorticity and divergence in the complex plane is used here to
provide a more rigorous framework to analyze the coupled relationship between divergence
(real axis) and vorticity (imaginary axis) given an Ekman balanced state (Figure 3). The
proportions of the normalized divergence and vorticity (Equation (9)) can be analyzed by
looking at their projection on a unit vector pointing in the direction of α′ (Figure 3b), which
is also equal to the Pythagorean identity sin2(α′) + cos2(α′) = 1. These proportions can be
used to determine how much the divergence and vorticity contribute individually to an α′

probability distribution. These proportions of the unit vector are:

hd + hv = 1, (9)

where hD and hV are the projections of the normalized divergence and vorticity components
respectively:

hd =

(
⇀
∇H ·

⇀
V
)

M
cos

(
α′
)
= cos2(α′

)
,
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hv =

k̂·
(

⇀
∇H ×

⇀
V
)

M
sin

(
α′
)
= sin2(α′

)
.

It is also possible to conceptually interpret α′ similarly to [30,32] using a point particle
model (sum of forces at a point) to solve for the angle of the wind vector using Equation (1)
and Figure 2 under steady-state conditions. In this framework, the angle α to the wind
vector is calculated relative to the geostrophic wind vector, which is defined conventionally as

(
⇀
Vg = k̂ × 1

ρo f

⇀
∇p). In contrast, we define the angle (θ′) relative to the pressure gradient as

shown in Figure 2. When the along-isobar acceleration is zero, the angle θ′ is calculated as the
negative ratio of the magnitude of the Coriolis force over the magnitude of the drag force:

θ′ = tan−1

−

∣∣∣∣⇀F C

∣∣∣∣∣∣∣∣⇀F D

∣∣∣∣
 = tan−1

(
− f

a

)
. (10)

Defining θ′ in this way allows for a continuous transition across the equator and is not
affected by the Coriolis parameter going to zero at the equator. However, interpreting the
angle θ′ in this way, i.e., schematically from a point particle model, creates some challenges.
The first is that only the forces in the direction of the geostrophic wind (along-isobar)
are required to follow steady-state conditions since the cross-isobar acceleration can be
non-zero. Secondly, the point particle model is independent of the neighboring data points,
and therefore θ′ does not equal α′, which makes understanding the allowable angles of α′

derived from vorticity and divergence in an Ekman balanced framework difficult. This is
especially true for converging winds with positive vorticity (angles between 90◦ and 180◦

in the Northern Hemisphere), where wind vectors still point from high to low pressure.
Comparison of the pressure Laplacian

(
∇2 p

)
with α′ is used in Section 4.2 to analyze this

point particle model.
The primary advantage of using our α′ metric is that flow characteristics can be

assessed from the surface wind fields alone without explicit knowledge of the complete
horizontal sea-level pressure gradient field, which is largely unknown from observations.
This allows us to assess from the observed horizontal wind fields alone whether the
correlation between divergence and vorticity observed in Figure 1 is consistent with steady-
state Ekman dynamics. One disadvantage of using Equation (8) for this purpose is that
comparison of the ratio of vorticity to divergence to the ratio f /a depends on the boundary
layer or Ekman layer height in the parameter a, which is a poorly observed quantity, highly
variable [37,38], and often ambiguous, particularly in stable stratification or when multiple
layers are present [39]. Additionally, the Ekman layer depth and boundary layer depth do
not often coincide [33,34], and, thus, estimates of boundary layer depth for this purpose
lead to uncertainties in the value of a.

3. Data

This study utilized scatterometer all-weather (AW) 10 m equivalent neutral wind
vectors from QuikSCAT and the Advanced Scatterometer on the Metop-A satellite (ASCAT-
A). The versions we used were the QuikSCAT v4.1 and the ASCAT-A 25 km products
disseminated through the JPL Physical Oceanography Distributed Active Archive Cen-
ter (PO.DAAC) [40,41] (SeaPAC 2018, EUMETSAT/OSI SAF 2010). We also utilized
hourly instantaneous 10 m stress-equivalent neutral wind vectors and sea-level pressure
from the Fifth Generation of the European Centre for Medium-Range Weather Forecast
(ECWMF) Global Reanalysis [42,43] (ERA5; Copernicus Climate Change Service 2017;
Hersbach et al., 2020). The scatterometer wind vectors were provided in swath-level Level
2B (L2B) format at a nominal 12.5 km spacing. The L2B vector winds were gridded onto
a uniform 0.25◦ latitude/longitude grid using a two-dimensional loess smoother [44,45]
with a 60 km half-power point. The ERA5 reanalysis of 10-m equivalent neutral winds
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was already available on the same 0.25◦ spatial grid as the gridded scatterometer winds
in hourly increments. A subset of the ERA5 hourly data was used that consisted of data
at 6-hourly intervals. Thus, wind vectors for all the datasets utilized the same uniform
0.25◦ latitude/longitude grid. The divergence and vorticity were then computed for all
three datasets using conventional second-order-accurate centered finite differences in the
wind vector components. Following [3,4], the spatial derivatives for the scatterometer wind
fields were computed within each swath.

We focused the analysis in this study on regions spanning 10◦ longitude by 10◦ latitude.
A fixed 10◦ longitudinal region of the Pacific Ocean, spanning longitudes between 140◦W
and 150◦W, is the primary location used for the metric development presented here. This
longitudinal region is then analyzed by varying the 10◦ latitudinal region in 1◦ increments
between 60◦S and 55◦N. Our calculations used 3-month time periods, typically December
2007–February 2008 (DJF 2008), which spanned a period in which QuikSCAT and ASCAT-A
operated together. Unless otherwise indicated, no time averaging was applied to any of the
fields used in this analysis.

Scatterometer winds are now calibrated to the so-called 10 m stress-equivalent neutral
winds (SEW) [46] since scatterometer backscatter measurements respond to the surface
wind stress. Given that the surface wind stress depends on the near-surface wind speed,
stability, and air density, the SEW is the 10 m wind that would be observed under neutrally
stable conditions using a constant air density. A second retrieval quantity that has been
used previously for scatterometer wind retrievals is called the 10 m equivalent neutral
winds (ENW) [1,46–48] and is similar to the SEW, except that it allows for surface air density
variations. The results of this analysis are not sensitive to differences among the ENW, SEW,
and the actual 10 m winds from ERA5.

4. Results
4.1. Divergence and Vorticity Probability Distributions

We begin by presenting perhaps the simplest statistical characterization of the diver-
gence and vorticity variability over the oceans, the univariate Probability Density Function
(PDF) (Figure 4). In the extratropics, the univariate divergence and vorticity PDFs are
characterized by highly skewed distributions, with the PDFs skewed toward cyclonic,
convergent winds. The skewnesses result from a preference for higher-amplitude conver-
gent and cyclonic wind events associated with extratropical cyclones and atmospheric
fronts [1,8,16,19,49]. The modes of the PDFs consist of weakly divergent and anti-cyclonic
winds. It is not possible to ascertain a relationship between the surface winds and Ekman
dynamics from just the univariate divergence and vorticity PDFs shown in Figure 4a,b.
Steady-state Ekman dynamics predicts a negative correlation between the surface diver-
gence and vorticity in the Northern Hemisphere (NH), where the Coriolis force is positive
(see Equation (4)). However, the predicted negative correlation between divergence and
vorticity in the NH becomes apparent visually in the joint divergent/vorticity PDFs, for
instance, when computed in the Pacific Ocean at 40◦N to 50◦N (Figure 5a,c,e). Skewnesses
in the univariate PDFs apparent in Figure 4 result in an elliptic or comma-shaped joint
divergence–vorticity PDF in the mid-latitudes in Figure 5.

The joint PDFs in Figure 5 show that divergence and vorticity are well correlated
with each other in the mid-latitudes (also apparent in Figure 1) but have low covariance
in the tropics. The joint PDFs also show an approximate elliptic distribution in the tropics
and extratropics for the scatterometer and the reanalysis winds. These PDFs indicate that,
qualitatively, the divergence–vorticity cross-correlations shown in Figure 1 are not driven
by relatively extreme values of either divergence or vorticity. This point is important since
we do not expect a steady-state Ekman balance to adequately describe the underlying
dynamics for these extreme conditions, which are typical of mid-latitude extratropical
cyclones. For the mid-latitude region considered in Figure 5, and for the Rossby number
(U/ f L) to be much less than 1, the divergence and vorticity—with each scale as U/L,
where U is a characteristic velocity scale and L is a characteristic length scale—should
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be in the order of 10−5 s−1, given that f ∼ 10−4 s−1. The modes of the divergence and
vorticity PDFs are in the order of 10−5 s−1 and, thus, approximately satisfy the condition of
a small Rossby number. The tails of the PDFs have divergence and vorticity values in the
order of 10−4 s−1, which correspond to a Rossby number of O(1). We thus expect that for
these cases, the steady-state Ekman balance inadequately characterizes the surface wind
dynamics. Atmospheric frontal regions also likely violate other assumptions of steady-state
Ekman dynamics, including significant time-dependent accelerations, entrainment, and
large buoyancy-induced vertical velocities. Nonetheless, for these extreme divergence and
vorticity values, there is also a strong correlation between divergence and vorticity, mainly
for convergent and cyclonic winds. Because these extreme values are much less frequent,
we expect that a steady-state Ekman balance will approximately hold for the majority of
the individual cases comprising the main body of the divergence–vorticity joint PDF.
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Figure 4. Univariate probability density functions (PDFs) for (a) divergence and (b) vorticity com-
puted from QuikSCAT (orange), ASCAT-A (green), and ERA5 (blue) for DJF 2008 in the extratropical
North Pacific Ocean for the latitude range 40◦N–50◦N and longitude range 140◦W–150◦W. A uniform
bin width of 1 × 10−6 s−1 was used for both the divergence and vorticity. Note the logarithmic scale
on the y-axis.

By itself, the vorticity to divergence ratio (Equation (4)) gives insufficient insight into
the processes that result in their global variability. This is a result of the many cases where
the divergence approaches zero, in which case the ratio of vorticity to divergence becomes
undefined. Analyzing the relationship as an angle in polar form, the greatest density of data
points in the joint PDF (Figure 6) is observed for α′ values between 0◦ and −90◦. The y-axis
of Figure 6 shows the radial magnitude (Equation (7)) of the divergence and vorticity. The
highest density of points corresponds to a radial magnitude M of about 2× 10−5 s−1, which
is consistent with a small Rossby number and steady-state Ekman balanced flow in the
Northern Hemisphere. The strongest radial magnitude values are associated with α′ values
between 90◦ and 180◦, corresponding with surface convergence and cyclonic vorticity.
Balanced flows with a positive divergence and negative vorticity have much smaller radial
magnitudes, while balanced flows with convergence and a positive vorticity have a much
wider range of possible coupled divergence and vorticity magnitudes, including more
occurrences of extreme values. We thus expect these more extreme values to be, on average,
associated more with storm systems [8,19].
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Steady-state Ekman balanced flow is most simply observed through a univariate
PDF of α′ (Figure 7), which is calculated from the ocean wind vector’s divergence and
vorticity using Equation (8). The histograms of α′ for the given region and time period
were then calculated using a 1◦ bin width. Smoothed PDF estimates were obtained using
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a standard kernel-smoothing function with a bandwidth of 4. Hereafter, peak α′ angles
and amplitudes are determined from the smoothed PDF. Figure 7 shows that in both the
Northern and Southern Hemisphere mid-latitudes, the α′ PDFs are bimodal, with a well-
defined primary-peak and a smaller amplitude but a well-defined secondary-peak. Wind
vectors in balanced flow are identified as the most probable state of the α′ PDF. Therefore,
the PDF primary-peak corresponds to steady-state conditions of Ekman dynamics under
divergent and anti-cyclonic winds, where anti-cyclonic winds correspond to negative
vorticity in the Northern Hemisphere and positive vorticity in the Southern Hemisphere. A
secondary-peak is often present depending on the latitude, corresponding to convergent
and cyclonic winds, which are also consistent with steady-state Ekman dynamics. We
discuss the latitudinal variations in the primary- and secondary-peaks further below. The
α′ PDFs thus show two distinct flow regimes that represent the majority of flow conditions
consistent with Ekman dynamics.
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Figure 6. Joint PDF of the radial magnitude of vorticity and divergence (y-axis) and the angle α′

(x-axis) from (a) QuikSCAT, (b) ASCAT-A, and (c) ERA5 for the 3-month period DJF 2008 and the
region bounded by 140◦W–150◦W and 40◦N–50◦N. A uniform bin width of 1 × 10−6 s−1 was used
in the radial direction together with a 1◦ angular bin width.

The normalized divergence and vorticity components of the α′ PDFs (Figure 8a,b)
quantitatively show the coupling of the vorticity and divergence. The components were
computed according to the Pythagorean identity as derived in Equation (9). As expected,
the primary- and secondary-peaks of Figure 8 show that the divergence–vorticity coupling
has a greater vorticity contribution in the mid-latitudes but greater divergence contribution
in the tropics. The transition point between the divergence and vorticity contributions to
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the primary- and secondary-peaks occurs when the components are equal at α′ = −45◦ in
the Northern Hemisphere. A similar result holds for the Southern Hemisphere.
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Figure 7. PDFs of the QuikSCAT α′ between 140◦W to 150◦W and (a) 40◦N to 50◦N or (b) 2◦N
to 12◦N. The PDFs were computed from instantaneous values over the 3-month period between
December 2007 and February 2008. Primary- and secondary-peaks are indicated and correspond to
winds consistent with a steady-state Ekman balanced flow. The thin red curves show the unfiltered
PDFs, and the thick red curves show the PDFs after low-pass filtering with a kernel-density function
as discussed in the text.
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Figure 8. PDFs of the individual projections of the divergence and vorticity to the total α′ PDF
for (a) 40◦N to 50◦N and (b) 2◦N to 12◦N from QuikSCAT. The green curves show the PDF of the
projected divergence component, the blue curves show the PDF of the projected vorticity component,
and the orange curves show the total α′ PDF. The solid black vertical lines delineate the α′ values for
the maximum of the primary-peak, and the dashed black vertical line delineates the α′ values for
the maximum of the secondary-peak. The PDFs were computed from instantaneous divergence and
vorticity values over the 3-month period between December 2008 and February 2009.

Similar α′ PDFs are observed between different datasets as shown in Figure 9. The
QuikSCAT and ASCAT-A scatterometers have good agreement of their α′ PDFs in the mid-
latitudes, while ERA5 has larger and narrower primary and secondary α′ peaks. However,
in the tropics, ERA5 and ASCAT-A are in good agreement, while QuikSCAT has a lower
secondary-peak amplitude.
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Figure 9. PDFs of α′ from QuikSCAT (orange curves), ASCAT-A (green curves), and ERA5 (blue
curves) for (a) 40◦N to 50◦N and (b) 2◦N to 12◦N during DJF 2008.

A symmetric latitudinal relationship can be observed when converting the α′ PDF
into polar form for 10◦ latitudinal bands between 140◦W to 150◦W (Figure 10). The polar
α′ PDF also demonstrates the negative correlation between divergence and vorticity in
the Northern Hemisphere and the positive correlation in the Southern Hemisphere that is
observed in Figure 1. The strong correlation in the mid-latitudes is a result of the strong
covariance between divergence and vorticity, with low covariance observed in the tropics.
The correlation persists through the extreme values associated with storm systems.
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Figure 10. PDFs of α′ presented in a polar coordinate system from (a) QuikSCAT, (b) ASCAT-A, and
(c) ERA5 for 10◦ latitude bands between 140◦W to 150◦W. The radial direction corresponds with the
probability amplitude while the angular coordinate corresponds with the angle α′.



Remote Sens. 2024, 16, 451 14 of 27

4.2. Correlation of α′ and Pressure

The primary- and secondary-peaks of the α′ PDFs are the most probable states of the
surface derivative wind fields. Various distinct atmospheric conditions are aggregated
into the PDFs, although we show that the primary- and secondary-peaks are associated
principally with larger-scale atmospheric pressure systems. A sample of the various atmo-
spheric states associated with α′ regimes are shown in an example map of instantaneous
α′ angles calculated from Equation (8) for the Pacific Ocean at 12 Z on 30 December 2007
in Figure 11 and a smaller region in Figure 12. Mid-latitude high-pressure regions in the
Northern Hemisphere coincide predominantly with α′ angles near −70◦ (orange hue),
while Southern Hemispheric high-pressure regions coincide with α′ angles near 70◦ (yel-
low hue). In contrast, the α′ angles associated with mid-latitude low-pressure regions of
110◦ NH (−110◦ SH) are shifted by nearly 180◦ relative to those in high-pressure systems.
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Figure 11. Map of the α′ field (shading) calculated from the ERA5 instantaneous wind vector data
over the Pacific Ocean from 30 December 2007. The black contours show the ERA5 sea-level pressure
in hPa, with a contour interval of 4 hPa. Darker shading emphasizes the vorticity while lighter
shading emphasizes the divergence.

Anti-cyclonic winds are observed around the North Pacific Subtropical High in Figure 12
while cyclonic winds occur around the low-pressure region in the Gulf of Alaska. The α′

PDF of the region and at the instantaneous time shown in Figure 12 (upper left corner)
has a primary-peak angle of −63◦ and a secondary-peak angle of 103◦. We conclude
from the α′ PDF that, in the mid-latitudes, the larger spatial scale and higher frequency of
occurrence of the high-pressure regions increase the probability amplitude of the primary-
peaks relative to the secondary-peaks. Given this characteristic, in general, the primary-
and secondary-peaks of α′ PDFs reflect the proportion of relative high-pressure areas to the
relative low-pressure areas in a region to first order, consistent with the behavior expected
from steady-state Ekman dynamics.

Peak probability amplitudes provide a measure of the proportion of high pressure to
low pressure in a region through steady-state Ekman dynamics. The ERA5 data provides
a way to test the validity of our proposed relationships between the surface winds and
sea-level pressure gradients given Ekman dynamics. To better understand this relationship,
we analyzed the angle α′ derived from a point particle model under steady-state conditions
(Equation (10)) between the pressure gradient and wind vectors (Figure 2) and define
this angle as θ′. This angle is then analyzed as a function of latitude, as seen in Figure 13.
Figure 13 shows a narrow symmetric distribution in the mid-latitudes for the angle between
the pressure gradient and the ocean wind vectors. Therefore, nearly all individual wind
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vectors outside the immediate tropics qualitatively follow the behavior expected from
steady-state Ekman dynamics. That is, on average, the surface winds blow with a compo-
nent pointing from high to low pressure with a peak θ′ angle near −75◦ (NH), consistent
with the average value used by the Bakun index (15◦ relative to SLP isobars). Unfortunately,
the angles in Figure 13 do not describe how the neighboring wind vectors are changing
and therefore cannot distinguish between the two possible steady-state regimes predicted
from Equation (8).
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Figure 12. Instantaneous map of the α′ angles (shading) calculated from the ERA5 wind vector data
(black arrows) over the North Pacific Ocean from 30 December 2007. The sea-level pressure in hPa is
indicated with black contours at intervals of 4 hPa. The α′ PDF of the region at this time is shown in
the inset in the upper left corner. Darker blue/green shading emphasizes the vorticity while lighter
orange/red shading emphasizes the divergence. Wind vectors are plotted at 1◦ latitude/longitude
intervals for clarity.
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Figure 13. PDF of the angle between the pressure gradient and 10 m wind vectors as a function of
latitude from ERA5 for the period DJF 2008.

The pressure Laplacian from ERA5 is used to understand how the change in the
neighboring wind vectors relates to the spatial change in the neighboring pressure gradi-
ent. Because the angle between the pressure gradient and the wind vector is consistent
(Figure 13, mid-latitudes), when the wind vectors diverge or converge, so too should the
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pressure gradient vectors. Joint histograms of α′ and the pressure Laplacian are shown in
Figure 14, where relationships between diverging (converging) wind vectors and pressure
Laplacian are observed. The black curve in Figure 14 is a calculation of the mean pressure
Laplacian for each α′, which shows that diverging (converging) wind vectors are coupled
with diverging (converging) pressure gradients. Latitudinal variations in the pressure
Laplacian shows higher amplitude pressure Laplacian values in the mid-latitudes and
significantly weaker amplitude values in the tropics (Figure 15). As expected, diverging
winds with a positive pressure Laplacian, on average, have angles between −90◦ and 90◦

(red shading) while converging winds with a negative pressure Laplacian have angles
between 90◦ and 270◦ (blue shading). Figures 14 and 15 are consistent with the relationship
observed in Figure 11, where the α′ primary- and secondary-peak amplitudes can be used
a measure of the proportion of the relative high pressure to the relative low pressure in a
region. This also explains a driving factor for the imbalance of the troughs of the α′ PDFs
(i.e., Figures 7 and 12). For example, in the α′ PDF in Figure 12, there is a higher frequency
of high-pressure (primary-peak) to low-pressure (secondary-peak) connections through
negative pressures Laplacian (converging winds).
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In general, the primary and secondary probability amplitudes can be used as a quali-
tative measure of the proportion of relative high pressure to the relative low pressure in a
region following steady-state Ekman dynamics. However, the simple point particle model
relating the wind vector to the geostrophic wind vector [32] does not fully describe the
relationship between divergence and vorticity, which made consideration of the pressure
Laplacian necessary.

4.3. Latitudinal Probability Distributions

Steady-state Ekman dynamics predicts a latitudinal variation in the co-variability be-
tween divergence and vorticity by virtue of the variable Coriolis parameter in Equation (8).
Latitudinal variations in the α′ PDFs calculated using QuikSCAT, ASCAT-A and ERA5
wind vectors are shown in Figure 16a, 16b, and 16c, respectively. High probability am-
plitudes with α′ between −90◦ and 90◦ (and 270◦ and 450◦ when accounting for the 360◦

wraparound) correspond with a balanced flow associated with the primary-peak (i.e., di-
vergent and anti-cyclonic winds), while probability amplitudes with α′ between 90◦ and
270◦ correspond with a balanced flow associated with the secondary-peak (i.e., convergent
and cyclonic winds). This is consistent with the latitudinal SLP Laplacian distribution
shown in Figure 15, such that a positive (negative) pressure Laplacian corresponds with the
primary-peak (secondary-peak). The latitudinal variations in the α′ primary-peak ampli-
tudes approximately follow the expected inverse tangent function predicted by steady-state
Ekman dynamics (Equation (8)), as shown by the curves in Figure 16 for three representative
values of a.

The approximate location of the ITCZ can be determined from the coarse grid in Figure 16
by determining the location of the minimum of the primary-peak and the maximum of the
secondary-peak in the α′ distributions. This location is at the dotted line at 7◦N for both
the QuikSCAT and ASCAT-A scatterometers. However, the location of the ITCZ is at 8◦N
when determined from the ERA5 winds using this metric. This demonstrates a small but
significant difference between the scatterometer and reanalysis data.

The ERA5 time-mean divergence is identified in [15] as being less than ASCAT-A
over the subtropical gyres. This study also found that the time-mean stress curl in ERA5
is more cyclonic in the mid-latitudes. While not directly comparable, consistent results
are observed in the latitudinal variations in α′ shown in Figure 16. For ERA5 to have
a similar primary- (secondary) peak probability distribution to the scatterometers, the
frequency of divergent (convergent) winds with weak vorticity would need to increase
while decreasing the probability of strong vorticity and weak divergence (convergence).
The larger a values for ERA5 could imply missing drag [14,15], a lower wind speed, or a
greater Ekman layer depth (h), assuming that variations in the air density are small. This
may also be an indication of the impact of ocean currents on the scatterometer ENWs that
are not present in ERA5.

The latitudinal probability distributions show the inverse tangent relationship pre-
dicted by Ekman dynamics. The peak of the distributions break from the expected ±75◦ [31]
in the subtropics when α′ = ±45◦, which is the transition point between the divergence
and vorticity contributions. Comparisons between the scatterometer and reanalysis data
show similar distributions, with differences occurring in the primary- and secondary-peak
probability amplitudes (Figures 7 and 16). ERA5 has consistently narrower primary- and
secondary-peaks compared with the scatterometers. From this, it can be concluded that
the ERA5 reanalysis data follows steady-state Ekman dynamics (i.e., a Northern Hemi-
sphere primary-peak between 0◦ and −90◦) more consistently than data from QuikSCAT
or ASCAT-A observations, implying that ERA5 has underrepresented processes.
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Figure 16. PDFs of α′ as a function of latitude between 140◦W and 150◦W for (a) QuikSCAT,
(b) ASCAT-A, and (c) ERA5. The dot–dashed line at 45◦N corresponds with the α′ PDF calculated
between 40◦N to 50◦N, and the dotted line at 7◦N corresponds with the α′ PDF calculated between
2◦N to 12◦N. Note that the α′ angles are repeated past 180◦ to visualize the curves of tan−1(− f

a ) at
the primary-peak region for three different values of the constant a.

4.4. Seasonal Probability Distributions

The well-defined peaks of the α′ PDFs from ERA5 data provide a stronger signal to
analyze the α′ PDFs. Besides having complete coverage of the region, ERA5 reanalysis
fields also provide more temporal data points than the scatterometers, which sample about
1–2 times per day in the mid-latitudes, allowing for more statistical realizations to include
in the PDFs. To improve latitudinal resolution of the divergence and vorticity variability,
we reduced the spatial extent from which the ERA5 PDFs were computed to 143◦W–147◦W
and used a 4◦ latitudinal width while keeping the center longitude at 145◦W. We continue
to use the 4-times-daily ERA5 temporal points, which provide an equivalent number of
data points (approx. 100 k) to the scatterometers using a 10◦ latitude/longitude sampling
bin over the same three-month period.

The primary-peaks, associated with α′ values between −90◦ and 90◦ (270◦ and 450◦),
occur more frequently (greater number of black asterisks) than α′ values associated with the
secondary-peaks (90◦ to 270◦), as shown in Figure 17a–d. The inverse tangent function from
Equation (8) with constant values of a is presented for the primary-peak in Figures 17a–d
and 18a. As expected, the α′ distribution of the primary-peak approximately follows an
inverse tangent function as a function of latitude, consistent with the prediction of steady-
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state Ekman dynamics. The α′ secondary-peak, on the other hand, is observed to have
an abrupt transition (seasonally varying) in the transition region between the extratropics
and subtropics, which corresponds with wind vectors experiencing either strong vorticity
coupled to convergence or strong convergence coupled to vorticity.
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Figure 17. Seasonal variability of the α′ PDFs as a function of latitude utilizing ERA5 wind vector
data between 143◦W to 147◦W for the following 3-month periods: (a) DJF; (b) MAM; (c) JJA; (d) SON.
The highest-amplitude peaks are identified with black asterisks while the second-highest peaks are
indicated with blue triangles for a given latitude. Note that the α′ angles are repeated past 180◦ to
visualize the curves of tan−1(− f

a ) at the primary-peak region for three different values of constant a.

The greatest seasonal variations in the α′ PDFs are observed to be associated with the
secondary-peak. South of the Pacific Intertropical Convergence Zone (ITCZ), the primary-
and secondary-peaks are connected by a large-amplitude negative vorticity peak. For
example, in Figure 17b, at 2◦S, α′ is connected between 180◦ (secondary-peak) and 360◦

(primary-peak) by strong negative vorticity. This strong negative vorticity connection
varies with the seasonal meridional migration of the ITCZ, which explains the seasonal
tropical variation observed in [32]. The vorticity connections north and south of the ITCZ
create an offset or shear, with a maximum in SON 2008 and minimum in MAM 2008.
A subtle seasonal negative vorticity connection between the ITCZ secondary-peak and
approximately 20◦N is also present with a corresponding Southern Hemisphere positive
vorticity connection. This connection in the subtropics results from the wind field flowing
from the subtropical highs toward the ITCZ.
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Figure 18. (a) Primary-peak angle α′ using the ERA5 data according to Equation (8). Dashed curves
of tan−1(− f /a) are presented for constant values of a. (b) Vorticity to divergence ratio calculated
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The inverse tangent function, which describes the location of the primary-peak
(Equation (8)), varies the most in the tropics and, as such, amplifies angular changes in the
tropics, as seen in Figure 18a, where the latitudinal variation in the primary-peak angle is
presented for various seasons in 2008. In contrast, the ratio of vorticity to divergence is more
sensitive to variability in the mid-latitudes, as shown in Figure 18b; specifically, for vorticity
to divergence ratios greater than plus or minus one (α′ > ±45◦). It is possible to convert
from α′ to the vorticity to divergence ratio using the peak angle (i.e., Equation (8)). Recall
that, by themselves, the ratio of vorticity to divergence (Equation (4)) gives insufficient
insight into the processes due to the singularity when the divergence goes to zero. The
angle α′ was therefore calculated to alleviate this discontinuity, and only the α′ values corre-
sponding to the peak of the α′ PDFs are analyzed. Comparison of Figure 18a,b also shows
that the primary-peak is highly variable. However, latitudinal and seasonal variations in
the parameter a can nevertheless be obtained. For example, in MAM 2008, south of the
ITCZ, the diverging winds of the primary-peak are weakly coupled with negative vorticity,
while on the north side of the ITCZ, the wind vectors have positive vorticity, which is
not observed during other seasons. Seasonal divergence variations associated with the
high-pressure region between 30◦N and 40◦N (subtropical high) can also be observed (in
contrast to [32]). As expected, the divergence is weakly coupled with vorticity during
the calmer summer of JJA 2008 and stronger during the winter of DJF 2008. In this case,
a is a maximum in DJF and a minimum in JJA. This exemplifies the advantage for our
analysis since a is not well known from observations. Analysis of the variation in a as well
as utilizing it to analyze entrainment or as an observational constraint for reanalysis data
will be left for further investigations.

The latitudinal variation in the primary-peak ratio (Figure 18b) can be used to interpret
the latitudinal variation in the correlation coefficients in Figure 1. While not equal, the
primary-peak ratio is related to the slope of a simple linear regression between vorticity
and divergence, which, in turn, is related to the Pearson correlation coefficient. Therefore,
as the primary-peak ratio of vorticity to divergence (slope) goes to zero, so too does the
covariance and the correlation coefficient. The latitudinal variation in Figure 18b shows
that the correlation coefficient varies approximately with the latitude as tan(α′).

4.5. Global Probability Distributions

We have focused primarily on the Pacific Ocean to develop and establish the utility of
the α′ metric and to show how steady-state Ekman dynamics can explain much of the statis-
tical variability of surface vorticity and divergence. Global analysis of the coupling between
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divergence and vorticity can be achieved by examining the primary- and secondary-peaks
in the α′ PDFs (Figure 19). The near-global maps on the left (Figure 19a,e,g) show the
primary-peak values while the secondary-peak values are observed on the maps on the
right (Figure 19d,f,h). The time-mean divergence (Figure 19a) and vorticity (Figure 19b)
can help to infer the shape and strength of the primary- and secondary-peaks. For example,
the wedge-shaped region of zero vorticity in the tropics (Figure 19b) can be observed in
the wedge-shaped primary-peak angle Figure 19e. The spatial structure of the time-mean
divergence (Figure 19a) correlates well with that of the primary-peak probability amplitude
(Figure 19c) at the equator and ITCZ, but the secondary-peak (Figure 19d) convergent
region south of the equator is not as apparent in Figure 19a.

The oceanic western boundary currents are observed as significant variations in peak
angles and ratios, as shown in Figure 19e–h, compared with nearby regions with small SST
gradients. This results from the atmospheric and surface wind responses to SST gradients,
which are known to deviate from a pure steady-state Ekman balance [50–52]. For example, the
Gulf Stream is most visible in Figure 19g, where the vorticity to divergence ratio is smaller
than that of the surrounding ocean basin. A decrease in the ratio or angle is associated
with the less frequent occurrence of negative vorticity and more occurrences of positive
divergence in the peak. Mid-latitude variations in α′ are best observed in the primary-peak
angle, as previously mentioned, while tropical variations in α′ are best observed in the
vorticity to divergence ratio. We note that air–sea interactions and the surface divergence
response to Gulf Stream SST gradients have been investigated previously [52,53], with
dynamics consistent with the Ekman balanced model used here.

The α′ primary-peak probability (high pressure) is greatest in the subtropical oceans
around the subtropical highs. In contrast, the secondary-peak probability is greatest at
the ITCZ and mid-latitude storm tracks. A global latitudinal symmetry is observed in the
secondary-peak probability amplitude (Figure 19d), where the probability amplitude is uni-
form longitudinally and symmetric in latitude. The primary-peak probability (Figure 19c),
on the other hand, shows greater longitudinal variation with increasing probability in the
eastern Pacific and Atlantic Oceans.

The large-scale structure of the atmospheric meridional circulation can be observed
in the latitudinal variation in the secondary-peak probability amplitude (Figure 19d). The
latitudinal circulation transitions can be observed as a measure of the frequency of the
relative low-pressure systems (secondary-peak probability). Increased secondary-peak
probability around the equator is followed by a low probability at the Hadley–Ferrel cell
transition near the 30◦ latitude and a high probability at the Ferrel–Polar cell transition
near the 60◦ latitude.

Global analyses can be accomplished by examining the primary- and secondary-peak
values separately. The components analyzed in Figure 19 demonstrate how steady-state
Ekman dynamics governs the large-scale divergence and vorticity variability.

Remote Sens. 2024, 16, x FOR PEER REVIEW 21 of 27 
 

 

is associated with the less frequent occurrence of negative vorticity and more occurrences 
of positive divergence in the peak. Mid-latitude variations in 𝛼′ are best observed in the 
primary-peak angle, as previously mentioned, while tropical variations in 𝛼′ are best ob-
served in the vorticity to divergence ratio. We note that air–sea interactions and the surface 
divergence response to Gulf Stream SST gradients have been investigated previously 
[52,53], with dynamics consistent with the Ekman balanced model used here. 

  

  

  

  

Figure 19. Cont.



Remote Sens. 2024, 16, 451 22 of 27

Remote Sens. 2024, 16, x FOR PEER REVIEW 21 of 27 
 

 

is associated with the less frequent occurrence of negative vorticity and more occurrences 
of positive divergence in the peak. Mid-latitude variations in 𝛼′ are best observed in the 
primary-peak angle, as previously mentioned, while tropical variations in 𝛼′ are best ob-
served in the vorticity to divergence ratio. We note that air–sea interactions and the surface 
divergence response to Gulf Stream SST gradients have been investigated previously 
[52,53], with dynamics consistent with the Ekman balanced model used here. 

  

  

  

  
Figure 19. ERA5 global ocean calculations of the (a) time-mean divergence, (b) time-mean vortic-
ity, (c) α′ primary-peak probability amplitude, (d) α′ secondary-peak probability amplitude, (e) α′

primary-peak angle, (f) α′ secondary-peak angle, (g) α′ primary-peak ratio, and (h) α′ secondary-peak
ratio. Calculations used fields for the 2-year period between June 2007 and May 2009 with a 1◦

latitude by 1◦ longitude bin width that was varied every quarter degree globally. The time-mean
sea-level pressure in hPa is indicated with black contours at intervals of 4 hPa. The dashed line is
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5. Discussion

This work explains the correlation between divergence and vorticity over the global
oceans, which was shown in Figure 1. The ratio of vorticity to divergence is derived from
steady-state Ekman dynamics and shown to be the negative ratio of the Coriolis parameter
over the constant a (Equation (4)). Within the framework of steady-state Ekman dynamics,
variations in this first-order relationship between the surface divergence and vorticity can
be explained by the latitudinally varying Coriolis parameter, changes in the boundary layer
height component of a, and the surface drag related to the drag coefficient and surface wind
speed. The symmetric nature about the equator of the latitudinal relationship between
divergence and vorticity is exemplified through polar α′ PDFs, i.e., Figure 10. In the North-
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ern Hemisphere (i.e., Figure 7), the α′ PDF has a primary-peak relating to the maximum
probability of divergent winds with negative vorticity (Figure 10; blue distributions).

Our primary hypothesis tested was that the co-variability between surface divergence
and vorticity can be described primarily by steady-state Ekman dynamics. The cross-
correlation of divergence and vorticity (Figure 1a–c) shows a remarkable relationship, with
the strongest correlation at the poles and a hemispherically symmetric latitudinal transition
region through the tropics. This relationship correlates with the tan(α′) relationship of the
primary-peak vorticity to divergence ratio (Figures 18 and 20). The abrupt change in the
correlation coefficient in the extratropics of Figure 1 is also a result of the low covariance
observed in Figure 10. The extratropical low covariance correlates with the transition point
between divergence and vorticity that defines the dominant contributor to the primary-
peak. This transition point occurs when the primary-peak angle α′ = ±45◦ or primary-peak
ratio tan(α′) = ±1.
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(a) QuikSCAT, (b) ASCAT-A, and (c) ERA5. Calculations used the 2-year period between June 2007
and May 2009 with a 1◦ latitude by 1◦ longitude bin width that was varied every quarter degree
globally. The dashed line is centered at 145◦W.

We used probability amplitudes to compare the ASCAT-A and QuikSCAT scatterome-
ters with ERA5 10 m neutral wind vectors. ERA5 10 m neutral winds have larger primary-
and secondary-peak amplitudes in the α′ PDFs and narrower PDF peaks in the mid-latitudes
when compared with the satellite scatterometers (Figure 16). This indicates that ERA5
more consistently follows steady-state Ekman dynamics. When comparing ASCAT-A and
QuikSCAT, the largest difference in the probability distribution is in the secondary-peak.
The secondary-peak of QuikSCAT in the tropics is markedly reduced when compared with
ASCAT-A and ERA5. We hypothesize that this may result from scatterometer observational
errors and higher uncertainties in the QuikSCAT winds in rain, which are often associated
with conditions accompanying convergent winds. This hypothesis warrants further investi-
gation. Additionally, we suspect that differences in the horizontal resolution and temporal
sampling also contribute to differences in the divergence and vorticity fields among the
three datasets. We are currently investigating these differences in more detail. Regardless,
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the new methodology developed here gives us a clear framework and path forward for
investigating and interpreting these differences.

The elliptically shaped α′ PDFs confirm the antisymmetric angular relationship calcu-
lated by [36]. Angular distributions of wind stress vorticity to wind stress divergence (not
shown here) have similar distributions to the α′ PDFs and indicate a preference for elliptic
distributions. To achieve similar results at varying latitudes (not just at the equator [36]),
phases and amplitudes similar to [24] should be used for elliptic distributions.

The coupled divergence–vorticity system can be used to improve univariate analysis
since divergence and vorticity have significant co-variability, as indicated by the α′ PDFs.
Extreme weather such as mid-latitude extratropical cyclones increase the skewness of the
univariate PDFs. Improvements to these previous analyses can be made by damping
the extreme divergence and vorticity values associated with storms utilizing a 2-sigma
extreme-value filter [25]. This can be further enhanced by filtering the divergence and
vorticity joint probability distribution using a Mahalanobis ellipse of distance 2. Such an
analysis is subject to future work.

A possible difference in the α′ PDFs between scatterometers and ERA5 may be due to
surface ocean currents. Scatterometers infer surface winds from surface stress, which is
due to the relative motion between the surface wind and ocean currents. ERA5 assumes
a stationary surface in the generation of its reanalysis. Ocean surface currents on the
spatial scales of scatterometer wind footprints are quasi-geostrophic and, thus, will have
a stronger current vorticity relative to its divergence. However, ocean surface currents
have strong inertial variability at high frequencies, which adds additional complications
to interpreting how spatial variability in ocean currents could affect scatterometer winds
relative to reanalysis winds. The ultimate effect that ocean currents have on the α′ PDFs is
still an open question and will be the subject of future investigation.

Future analysis of the α′ PDFs using the divergence and vorticity components in a
natural coordinate system is hypothesized to explain the observed differences between
scatterometers and NWP reanalysis fields. The vorticity and divergence in natural coordi-
nates are defined in terms of speed and direction components. These components are more
applicable to satellite wind retrieval algorithms, as these algorithms explicitly retrieve wind
speed and direction rather than vector wind components. Uncertainties in vector wind
components are a combination of speed and direction retrieval uncertainties, including ran-
dom and systematic observational errors, making it difficult to isolate potential deficiencies
in scatterometer geophysical model functions. An analysis of the derivative wind fields
will then be more likely to lead to a better understanding of the impacts of systematic wind
retrieval errors. Finally, practically no methodology, theory, or observational data exist to
constrain the statistical distributions of divergence and vorticity. This study provides a
pathway to understanding the fundamental characteristics of divergence and vorticity, and
their apparent co-variability, over the global oceans.

6. Conclusions

Vorticity and divergence are succinctly correlated to first order through steady-state
Ekman dynamics. A correlation between the two is predicted by steady-state Ekman
dynamics and was verified here using QuikSCAT, ASCAT-A, and ERA5 ocean wind vector
data. The sign of this correlation is dependent on the sign-reversed Coriolis parameter.
The α′ PDFs are shown to be a novel way to examine the variability and coupling between
vorticity and divergence. The α′ PDFs of the QuikSCAT and ASCAT-A scatterometers
and ERA5 agree well over most regions, with differences in the probability amplitudes
resulting from broader scatterometer peak distributions. We use the α′ PDFs to verify
the latitudinal relationship predicted by Ekman dynamics. Two peaks are found in the α′

PDFs: a primary-peak with divergent and anti-cyclonic winds and a secondary-peak with
convergent and cyclonic winds. The probability peaks are shown to relate the frequency of
relative high pressure and relative low pressure in the region through steady-state Ekman
dynamics. Global analyses were accomplished by examining the α′ primary- and secondary-



Remote Sens. 2024, 16, 451 25 of 27

peak values separately and demonstrated how steady-state Ekman dynamics governs the
large-scale divergence and vorticity fields. This analysis showed a strong correlation
between divergence and vorticity over the global oceans as a significant climatological
characteristic of the surface wind fields that, to our knowledge, has not been reported
previously. Furthermore, the results show that steady-state Ekman dynamics can explain
this observed characteristic to leading order.
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