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Sparse Sampling Reconstruction of Wind Fields

for Space-Borne

Doppler Radars

Sérgio Luiz E. F. da Silva"™, Alessandro Battaglia®, Cinzia Cambiotti, and Anna F. Carbone

Abstract—With its conically scanning W-band Doppler radar,
the Wind Velocity Radar Nephoscope (WIVERN) ESA Earth
Explorer 11 mission promises to provide, for the first time,
global vertically resolved wind observations in cloudy and pre-
cipitating systems. Thanks to its observation geometry, WIVERN
will measure line-of-sight (LoS) Doppler velocities of the same
atmospheric volume from different viewing directions, allowing
the complete reconstruction of the wind vector. To that end, a
methodology to retrieve horizontal wind vectors for a conically
scanning radar with a swath of 800 km and sparse sampling
is developed in this work. The retrieval is applied to different
meteorological systems, whose dynamics are simulated with a
high-resolution cloud-resolving model. Results show that, in the
presence of a healthy number of cloud targets in the scene, it
is possible to reconstruct the zonal and meridional winds with
uncertainty within 2-4 m/s. Accuracies deteriorate in the central
part of the swath, close to the ground track, due to sparser
sampling and interdependencies between different radar looks.

Index Terms—Doppler radars, inversion analysis, remote sens-

ing, winds.
I. INTRODUCTION

N THE last decades, remote sensing observations from

satellite platforms have significantly strengthened the
global observing system (GOS), initiated by the World Mete-
orological Organization more than 60 years ago to improve
weather prediction and, subsequently, climate monitoring.
Every day, millions of observations, such as temperature,
pressure, wind, and relative humidity, are assimilated to feed
numerical weather prediction (NWP). Among the GOS atmo-
spheric measurements, wind field records are still incomplete
(see Fig. 1), thus severely limiting modeling of NWPs and
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comprehensive understanding of the key processes underlying
coupled climate dynamical systems.

Most direct wind observations come from radiosondes,
which are daily launched from stations mainly located in the
Northern Hemisphere, while very few are available over the
oceans, the tropics, and the Southern Hemisphere. Surface
observations are taken from land stations, ships, and buoys,
and from space-borne scatterometers (indirectly derived from
sea roughness recorded over the oceans). Single-level wind
measurements are made from aircraft at cruising altitude and
from atmospheric motion wind vectors derived from succes-
sive geostationary satellite images on top of the clouds (or
from above the clouds). Aircraft also provide wind observation
profiles around airports during takeoff and landing. Active
instruments capable of measuring the full range of horizontal
wind components (wind profilers) or line-of-sight (LoS) wind
(Doppler radars and LiDARs) are available at only a few
locations worldwide.

A significant advance in wind observations was achieved
with the ESA Aeolus mission, launched in 2018 and completed
in July 2023. Equipped with the atmospheric laser Doppler
instrument (ALADIN) payload—the first space-based Doppler
LiDAR [1]—Aeolus provided global profiles of LoS winds
in clear sky regions and within thin clouds throughout the
troposphere and lower stratosphere [2]. Note that ALADIN
operates with a fixed pointing in a plane quasi-perpendicular
to the flight path and 35° offset from nadir in the anti-Sun
direction. ALADIN retrieves wind velocities in the range
between —150 and 150 m/s at a vertical resolution of 0.25,
1, and 2 km in the planetary boundary layer (0-2 km), the
troposphere (2—16 km), and lower stratosphere (16-26 km),
respectively. The operational assimilation of Aeolus observa-
tions into NWP systems at various forecasting centers has
demonstrated a significant positive impact on forecast accuracy
(e.g., [3] and [4]).

The Wind Velocity Radar Nephoscope (WIVERN,
www.wivern.polito.it, [5], [6], [7]), selected as the ESA’s
Earth Explorer 11 mission, is expected to fill the gap in
global wind observations within storms and precipitation
systems. WIVERN’s unique 94-GHz conically scanning
Doppler radar would provide the first space-based in-cloud
wind profiles in conjunction with cloud and precipitation
profile measurements. WIVERN aims to significantly improve
NWP by complementing Aeolus clear-sky wind observations
with in-cloud LoS wind profiles over 800-km swaths,
providing near-global, quasi-daily coverage at the kilometer
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Fig. 1. (Left) Wind observations in the GOS are performed from a large gamut of platforms, ranging from geostationary to ground-based. The advantages
and disadvantages and the average number of observations used in the Meteo-France data assimilation system and the typical errors are given in the table on

the right.

scale [8], [9]. The horizontal footprint of the instrument
is 0.8 x 1.0 km?, with an along-range resolution of 500
m, providing a vertical resolution of circa 650 m. Hence,
WIVERN would help to address fundamental weather and
climate science questions by providing space observations of
atmospheric dynamics and filling existing gaps within tropical
cyclones [10], polar snow, and light rain observations [11],
[12].

The focus of this work is to better assess the potential
of WIVERN in reconstructing the vertical structure of the
horizontal wind vector (i.e., the zonal and meridional com-
ponents) inside weather systems in “stratiform” areas (i.e.,
regions with negligible convective motions). Thanks to its
Doppler capability and fast movement, WIVERN can take two
Doppler velocity measurements of the same targets from two
different directions almost simultaneously (with a maximum
separation of 2 min), enabling the wind vector to be retrieved.
This is similar to what can be achieved with two ground-based
Doppler radars but with two key advantages.

1) WIVERN sensitivity (single pulse sensitivity of about
—18 dBZ), much higher than achievable with ground-
based meteorological radars, increases the coverage
to less reflective targets, particularly in the glaciated
region, hence enabling the observation of diver-
gence/convergence patterns therein.

The novel acquisition geometry enables the observation
of winds across entire mesoscale systems spanning hun-
dreds of kilometers within a couple of minutes.

2)

The approach proposed here builds upon a well-established
body of work on wind retrieval from multiple-Doppler radar
observations. A common thread across these methods is the
formulation of the retrieval as a least-squares minimization
problem, in which the unknown Cartesian wind compo-
nents are estimated by matching modeled LoS projections
to observed Doppler velocities. Within this framework, the
key differentiating factor across methods lies in the observing
geometry—specifically, how azimuthal diversity is achieved.

In the ground-based dual-Doppler configuration [13], two spa-
tially separated radars provide complementary viewing angles
of the same atmospheric volume, enabling decomposition of
the wind vector. Airborne systems achieve a similar effect
through platform motion: Guimond et al. [14] exploit the
azimuth diversity and steep incidence angles of a conically
scanning airborne radar with two beams (at approximately
30° and 40°), while the Electra Doppler Radar (ELDORA)
[15], [16] uses fore-aft scanning to generate the neces-
sary angular separation. In all cases, the physical constraint
of mass continuity is commonly invoked to stabilize the
retrieval and ensure physical consistency of the recovered
wind fields. The present work extends this methodological
framework to an entirely new configuration: a spaceborne
W-band conically scanning Doppler radar with an 800-km
swath, sparse and heterogeneous sampling, and sensitivity suf-
ficient to detect ice-phase targets in the upper troposphere. This
combination of factors—novel geometry, global scale, and
cloud-resolving sensitivity—introduces challenges not encoun-
tered in ground-based or airborne contexts, motivating the
multiscale constrained retrieval approach developed here.
Building on this methodological heritage, the present work
contributes the following: 1) the application of a constrained
least-squares wind retrieval framework to the spaceborne
conically scanning geometry of the WIVERN mission—a
configuration that differs fundamentally from ground-based
and airborne dual-Doppler systems in terms of swath width,
sampling sparseness, and azimuthal diversity—in which the
anelastic mass continuity equation is incorporated as a regu-
larization constraint with the regularization parameter selected
objectively via the L-curve criterion [17]; 2) a hierarchi-
cal multiscale retrieval strategy in which the solution is
progressively refined from coarse to fine spatial scales by
systematically decreasing the Gaussian correlation length
parameter L, mitigating instabilities associated with sparse
and heterogeneous sampling while preserving dynamically
relevant structures [18]; and 3) a systematic evaluation of the
methodology through end-to-end simulations using high-
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Fig. 2. Geometry of observation for the WIVERN conically scanning radar. (Left) Relationship between the WIVERN Doppler velocity measurement Vs
and Vs (the HLoS wind) in the vertical plane, including the line of sight. For better illustration, a situation with a vertical wind w is shown. (Right)
Relationship between Vgr,s measurement and the components u# and v defined in the meteorological reference frame for a forward look (subscript F) and
a backward look (subscript B). This plot is drawn in the horizontal plane with the satellite in an ascending trajectory with an angle ¥y measured clockwise

from the satellite track to the North.

resolution cloud-resolving model output [19], [20] for three
contrasting weather systems—a tropical cyclone, a mid-
latitude Southern Ocean storm, and a high-latitude frontal
system—spanning a wide range of illumination conditions,
wind magnitudes, and sampling geometries, considering both
noise-free and realistic noise scenarios.

The article is structured as follows. The WIVERN measure-
ment and sampling principles are introduced in Section II.
Section III describes the cloud-resolving model simulations
implemented to reproduce realistic wind fields. The wind
retrieval method is presented in detail in Section IV. Results
are discussed in Section V, and conclusions are drawn in
Section VI.

II. WIVERN METHODOLOGY OF
MEASURING AND SAMPLING

WIVERN’s observing principle is based on the well-
established Doppler radar theory signals [21], [22] with
samples acquired from a fast-rotating conically scanning
antenna (see Fig. 2) at different azimuth angles [6], [23].

The wind velocity can be expressed in the local meteoro-
logical system [24] as

V=uf+vy+wi (1)

where u is the zonal wind from west to east, v is the meridional
wind from south to north, w is the vertical wind, and X, ¥, Z are
the unit vectors in the W-=E, S-N, and local vertical directions,
respectively.

After subtracting the LoS components of the satellite veloc-
ity and of the Doppler terminal velocity of the hydrometeors
(i.e., of the radar-reflectivity weighted terminal velocities
of the scatterers within the backscattering volume [21]),

WIVERN can estimate the LoS component of the wind, Vs,
whose magnitude can be expressed as a combination of u, v,
and w

Vies =d'u+pv+yw 2
where @’ = sin(6;) sin(y — ¥y), B/ = sin(6;) cos(y — ¥y), and
————— ————

(07
vy’ = cos(6)); 8; = 42° is the nadir incidence angle,ﬁand v (WUy)
is the azimuth angle measured clockwise from the satellite
track direction to the horizontal LoS (HLoS) direction (North
direction) as illustrated in Fig. 2.

In this work, only large-scale flow horizontal winds in
regions with no convective motions (w =~ 0) are considered.
These areas will be identified by an algorithm capable of
separating the stratiform versus the convective areas [25]. With
such an approximation, the values of the HLoS wind velocities
can be derived from the V;,¢ measurements

Vies + (w— VP) cos (6)) VP
V oS = - ~ —
Hios sin (6)) Uty @

3)

where V2 is the Doppler (i.e., W-band reflectivity weighted)
terminal velocity that can be estimated from empirical relation-
ships as a function of the hydrometeor phase (solid, melting,
or liquid), temperature, and attenuation-corrected reflectivity
[26], [27], [28]. While, in the past, such relationships were
derived from vertically pointing airborne and ground-based
observations, they can now be derived globally thanks to the
EarthCARE CPR measurements, whose Doppler velocities can
be directly translated into a best estimate of the hydrometeors’
sedimentation velocity as part of the level-2A CPR corrected
Doppler data product [29]. For ice-phase particles, which dom-
inate the glaciated regions that constitute the primary retrieval
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Fig. 3. Example of WIVERN scan measurements at fixed altitude. The
satellite is assumed to move upward at 7.6 km/s while scanning an 800-km
swath at 12 rpm. The size of the radar footprint is of the order of 1 km. Red
dots correspond to forward views, and black dots correspond to backward
views (forward and backward with respect to the motion of the WIVERN
satellite, represented by the long black arrow). The three insets on the right
show a zoom with the sampling within the three boxes highlighted in green,
cyan, and pink cells, corresponding to a 40 x 40 km? region at the edge,
center, and center of the swath. Red (black) arrows represent the HLoS wind,
VLos » for each available measurement in the cell for the forward (backward)
view.

target of WIVERN in stratiform conditions, such relationships
are well constrained and introduce an uncertainty of order of
0.5 m/s in VP [5]. For liquid-phase hydrometeors, the spread in
terminal velocity relationships is inherently larger. However, in
stratiform moderate precipitation—the only regime considered
here—since convective areas are explicitly screened out [25]
and generally correspond to areas of strong attenuation where
no WIVERN Doppler velocity measurements will be possible,
rain rates are moderate, and the variability of VP, due to
non-Rayleigh effects remains narrow (typically between 3 and
5 m/s, [28], [30]). Near the 0 °C isotherm, where V? exhibits a
steep vertical gradient across the melting layer, the uncertainty
is generally somewhat larger [31]; there VP will be linearly
interpolated between the ice and rain values. Overall, the total
uncertainty budget associated with the vertical component,
oy,, which combines the uncertainty in w and in VP is set to
1 m/s in this study, consistent with the estimates provided by
the WIVERN end-to-end performance studies [5]. This value
is representative of stratiform conditions and is propagated into
the overall oy, budget discussed in Section V.

The WIVERN scan pattern is shown in Fig. 3. Dotted lines
(cross-lines) correspond to the forward (backward) looks. Each
measurement represents a mean value averaged over a region
approximately 1 km wide (the size of the radar footprint) and
of length equal to the integration length (with the WIVERN
baseline product provided at 5 km). The reconstruction of the
horizontal winds will be done at coarser scales for grid cells
(from 1 to N.) with resolutions of 10 or 20 km, where a total

IEEE TRANSACTIONS ON GEOSCIENCE AND REMOTE SENSING, VOL. 64, 2026

Fig. 4. Number of 1-km along-track averaged measurements in each 10 x
10 km? pixel for the WIVERN scanning pattern as a function of the distance
from the satellite ground track. The black curve indicates the mean value,
whereas the color is modulated by the relative occurrences (the sum of the
relative occurrences in each column at a given distance from the ground track
is 100%).

of M? fine scale measurements (with / = 1,...,N,) could be
available. Winds are retrieved at a vertical resolution of 100m.
It is clear that the coarser vertical resolution of the instrument
(650 m, though samples are collected every 100m in range)
makes the retrieval of winds in the presence of the strong
vertical shear challenging.

Because of the scanning pattern geometry, many more
measurements will be on average available in cells located
at the edge rather than at the center of the swath,
with a very sharp gradient in the 50 km closest to
the edge (see the strong increase of the black line in
Fig. 4 when approaching the swath edge). For any given
distance from the ground track, the number of 1-km
along-track averaged measurements in 10 x 10 km pixels is
generally highly multimodal; this can be seen from the low
density of colored points in Fig. 4, i.e., of points with a
frequency of occurrence different from zero (white color).
For instance, inside 10 x 10 km pixels just across the ground
track (i.e., at 0 km distance in the x-axis), there are either no
measurements (42.5% of the cases) or ten 1-km along-track
averaged measurements (57.5% of the cases). The situation
becomes more complicated far from the ground track with a
significantly increasing percentage of pixels with no recorded
data (even greater than 60%) in the first 140 km. In the two
pixels closest to the sides (20-km-wide strip), a high-quality
sampling is achieved with a minimum of 20 and a maximum of
56 measurements per pixel. In addition to the scanning pattern
sampling, the availability of useful measurements is related to
the presence of cloud targets yielding Doppler returns with
high signal-to-noise ratios. Note that the measurements will
have different azimuthal diversity (which is a critical feature
for retrieving the u# and v components) depending on their
location within the swath. For example, the cyan and green
cells close to the ground track of the satellite and at the
edge of the swath do not exhibit much azimuthal diversity;



DA SILVA et al.: SPARSE SAMPLING RECONSTRUCTION OF WIND FIELDS FOR SPACE-BORNE DOPPLER RADARS

hence, good retrieval is expected only for the along- and cross-
track components, respectively (see Fig. 3). If the satellite
moves along a meridian (which is roughly the case at low
latitudes, as the angle between the north and the satellite track
in the ascending node is —7°), this will correspond to the
meridional or zonal wind, respectively. In contrast, the red
cell is characterized by looks with a wide range of azimuths,
making it easier to reconstruct the full horizontal wind vector.

III. NOTIONAL SIMULATIONS

In order to study the horizontal wind inversion for realis-
tic weather systems, the outputs of a high-resolution global
model, the system for atmospheric modeling (SAM, [19],
[20]), have been used. SAM has a horizontal resolution of
4.3 km and 74 vertical layers. It simulates small scales of
motions coupled to large-scale circulation systems so that it
explicitly resolves convection, thus overcoming the drawbacks
associated with convection parameterizations [32].

Here, the output of the model for September 5, 2017, is
used. The total liquid water path is shown in Fig. 5. Three
precipitating systems, highlighted by three rectangles, are
considered in detail in the study corresponding to: 1) Hurricane
Irma over the Caribbean (Area 1); 2) mid-latitude storm in
the Southern Ocean (Area 2); and 3) frontal system at very
high latitudes in the Atlantic Ocean Off Labrador (Area 3).
The corresponding zooms of the integrated condensed water
contents together with the intensity of the horizontal winds
at 5-km altitude are shown in Fig. 5 (Bottom). While the
hurricane and the storm in the Southern Ocean exhibit clear
cyclonic circulation around the pressure minimum, the wind
field in the system off Labrador is much more complex with
a strong shear region around 54° latitude.

IV. RETRIEVAL METHOD FOR THE
HORI1ZONTAL WIND FIELD

The horizontal wind velocity inversion procedure (here-
inafter HWVI) entails iteratively reconstructed wind velocity
fields by applying an optimization technique to match modeled
data with observed data (synthetic measurements in this work).
In this work, we focus on the reconstruction of zonal (u) and
meridional (v) wind fields.

Considering the standard least-squares method, the HWVI
can be formulated as the following optimization problem:

Nin

nzlvn 3 ,—Zl (it + Biv = (Viros))’ 4)
where (Vgros): represents the LoS velocity measurements
(i =1.2,...,N,) with N, being the total number of radar
measurements, and the linear combination a;u + B;v is the
modeled LoS velocities (modeled data) written in terms of
the unknown horizontal wind velocity components, # and v. In
other words, the optimization problem presented in (4) seeks
to adjust the modeled wind fields to the available observations,
minimizing the error between them.

To calculate the modeled data (a;u + B8;v), the u and v wind
field models are initially discretized into a mesh with several
grid points. The discretization process involves dividing the
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spatial domain into a grid, where each point represents a
specific location in the domain, as shown by the black squares
in Fig. 6. At each grid point, the values of u (zonal wind
component) and v (meridional wind component) are approx-
imated. This step is indispensable because it transforms the
continuous wind fields into a finite set of variables that must be
handled computationally. Once the grid is defined/generated,
the optimization problem is solved iteratively by finding the
values of u and v that minimize the discrepancy between the
modeled and observed wind velocities at each grid point. By
iteratively refining the values of u and v across the grid, the
values converge to the solution that best matches the observed
data, ensuring an accurate reconstruction of the wind fields,
as will be discussed later.

Let us consider a region with N, grid points (the centers
of which are indicated by red triangles in Fig. 6) illuminated
by the radar. Since the horizontal wind vector (u;,v;) is the
unknown in each grid point ! (I = 1,2,...,N,.), then the
minimization problem in (4) is equivalent to solving the linear
system [33], [34]

MO MO MO
Yaf Y aip > @i (Vares);
i=1 i=1 |:’4!:| _ | =t (5)
MO MO T mo .

;a'iﬁi ;,312

Yl =1, 2,...N., which is reduced to a simple inversion for
each grid point /, where M is the number of wind velocity
observations (Vyp,.s) that are influencing or contributing to the
estimation of the wind components #; and v; at that specific
grid. It is worth noting that the value of M varies from
point to point in the grid, depending on the number of radar
measurements available or relevant at each location.

A limit of this approach is the data sparseness due to
the scattered nature of cloud and precipitation fields across
the observation region (represented by green dots in Fig. 6).
As a result, some grid boxes may lack measurements or be
poorly illuminated. To address this issue, all measurements
are incorporated across the entire domain ((Vyy,s);, where
i=12,...,N,), with each measurement weighted based on
its distance from the grid point. Then, for each grid point /,
the optimization problem is reformulated as follows:

; Bi (VuLos);

min
up,vy

N
ff[) (aju; + Bivi — (VHLos):) ’ 6)
>

i=1

where ffl) is a weighting parameter that accounts for the
relative importance of each measurement

0 2\
0= S 7
& =exp I (7

with rl@ denoting the distance between measurement i and the
grid point /, and L > 0 a scaling parameter that accounts for
the correlation length of the measurements.

The quantity ffl) in (7) acts as a Gaussian weight, ensuring
that measurements closer to the grid point contribute more
significantly to the retrieval processing. Larger values of L
imply that the measurements are correlated over a wider area, a
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(d)

Fig. 5. (a) SAM global scene for September 5, 2017, with the total equivalent water path in kg/m?. The three weather systems analyzed in detail are
highlighted by the three rectangles. (b) Hurricane Irma over the Caribbean. (c) Mid-latitude storm in the Southern Ocean. (d) Frontal system in the Atlantic
Ocean off Labrador. Black arrows correspond to the direction of the horizontal wind at 5-km altitude.

condition occurring in regions where the wind field is expected shorter spatial correlation, which is very likely to occur in
to vary smoothly. Conversely, smaller values of L indicate regions with rapid variations or discontinuities in the wind
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Fig. 6. Tllustration of the horizontal wind velocity retrieval. The unknowns,
the horizontal wind vectors (black arrows) at the center (red triangles) of each
grid point (black squares), are retrieved from the sparse measurements (green
dots), which correspond to the projection of the wind along the WIVERN
line of sight (Vyres i)-

field. In other words, the parameter L is closely tied to the
correlation length of the wind field being reconstructed. When
considering this approach, (5) becomes

N

N
(0) I
Yo atg @ Bi £
i=1 i=1 u
Vi

u O W0
Zaiﬁi fi Zﬁl ff
i=1 i=1

N

/
z :(l,‘ é:l() (VHL()S)i
i=1

= |
S Bi &Y (Vhros):
i=i

Vi=1,2... .N. @®)

It is worth noting that horizontal wind velocity components
(u and v) could be estimated as a direct solution of the linear
system defined in (8) [or (5)]. However, by doing so, the
retrieved models would yield reliable estimates only in regions
characterized by high or moderate radar illumination (i.e., suf-
ficient cloud targets with radar reflectivity well above the noise
level, equal to —18 dBZ for WIVERN). Hence, to retrieve
physically consistent wind fields, we additionally impose a
mass conservation constraint, which, for a compressible fluid,
can be expressed in terms of the continuity equation as

dp S

o =7 () ®
where p represents the fluid density and V= (u, v, w) denotes
the velocity vector. Under the anelastic hypothesis (|0p/df <«
V- (o V)I) and the assumption that |0p/dx| = |0p/dy| =~ 0, the
previous relationship leads to

8u+(9v__16(pw)_ ow
ox dy p 8z Oz

(10)
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When the vertical wind w is negligible, the mass conservation
constraint further simplifies to

ou  Ov 0

ox + dy
which states that the horizontal divergence of the wind field
must be zero, thereby ensuring that the mass flux is conserved
in the horizontal plane. This constraint is incorporated into
the least-squares problem of the u and v estimates to ensure
that the reconstructed wind fields not only match the observed
LoS velocities but also adhere to the fundamental physical
principles governing fluid flow.

To systematically solve the least-squares minimization prob-
lem while incorporating the mass conservation constraint, we
can reformulate the problem in matrix form. If we introduce
the full vector of 2N, unknowns, x, defined as

Y

T
X = [Lt] Vi Uz Vot - UN, VNC] (12)

where (-)" denotes the transpose operation, and define the
vector b with 2N, elements as

B N”l N
1
> @il (Vares);

i=1

N

1
> Bil” (Viros):
e
;V,,, (2)
Yo @i&;” (Viros):
i=1

N
> Bie® (Viros): (13)
i=1

N

N,
> @il™ (Viros):
P

Nin

Z} BiE™ (Viazos);
L i= _
then the system of equations given in (8) can be rewritten
in terms of a block-diagonal matrix A of size 2N, x 2N, as
Ax = b, where A is a matrix that incorporates the coeflicients
a;, ,3,‘ and fl(l).

By incorporating the zero divergence condition for the
horizontal wind field [mass conservation constraint; see (11)],
the constrained problem can be solved by minimizing the
following cost function:

1 , A )

J(x) = EIIAX = bllz + = IIDxll; (14

where the first term, 1/2||Ax — b||%, corresponds to the least-
squares data fitting (8), while the second term, /12/2||Dx||§,
enforces the zero divergence constraint (11), in which [|||
represents the Euclidian norm (L,-norm) and D represents
the discretized divergence operator. The regularization param-
eter A controls the relative weight of the constraint in the
optimization process, allowing for systematic balance of data
fidelity and physical consistency in the solution. That is, when
A = 0, we obtain a wind field recovered exclusively through
data analysis without considering the continuity equation;
conversely, when 4 — oo, the retrieved wind field strictly
adheres to the continuity equation without factoring in the
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measurements. Hence, the selection of parameter A is crucial
to achieving a solution that effectively balances data fitting
and the underlying physics.

To iteratively obtain the unknown x, we employ a gradient-
based minimization method, namely, the conjugate gradient
method, to efficiently solve the optimization problem for-
mulated in (14). In this regard, the unknown x is updated
following [35]:

X1 = K Ik (lH])

for k=0,1,2,---, Ni,, Where the scalar N, is the number
of iterations, y > 0 is a step length determined via line search
methods [35], & is the so-called descent direction related to
the gradient of the cost function, and VJ(x)

h (x[k])
with x[% an initial guess (initial model) for the unknown vector

and [36], [37]
[A1Y . [T} — [k—1]
; (X[k]):VJ(x ) (V7 (x41) - V7 (x-11))
V7 (xF11) - V7 (x0T

where “” denotes the scalar product operation. The gradient
of the cost function is given by

VJ(x) = AT (Ax — b) + >D"Dx.

5)

_vr () Lif k=0

VI (M) + g (xR (x*T) | for k>0 (10

a7

(18)

In summary, the optimization process involves iteratively
determining the unknown vector x. At each iteration, X is
updated based on a descent direction, which is derived from
the gradient of the cost function. This process starts with an
initial model (x!°!) and refines it step by step to minimize the
cost function. In Sections IV-A-IV-C, we will discuss how to
obtain the initial model (x[%') and the regularization parameter
(). In addition, let us remind readers that we perform this
optimization multiple times, each associated with a different
scale, following a multiscale approach. Each scale corresponds
to a specific L-value, which is related to the resolutions of the
retrieved models, as will be discussed later.

A. First Guess Wind Field (Initial Model)

To obtain an initial model xI%, we adopt a two-step process.
The first step involves directly solving the regularized least-
squares problem formulated in (14), while the second step
incorporates an interpolation condition into the model recovery
process. In particular, in the first step, note that the cost func-
tion in (14) can be equivalently reformulated as an ordinary
regularized least-squares problem, expressed as follows:

2
o 05+
2

Given that the columns of matrix A, = [AT, ADT]T are
linearly independent, it follows that the matrix A?.A, is
positive definite. This implies that the cost function J is strictly
convex, and as a result, the regularized least-squares problem
described in (19) has a unique solution [38] given by

19)

1
X = [(A"A+ 2D"D)" (AT A+ 2D'D)| " ATb. (20)
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In this work, we compute the inverse matrix of the expression
enclosed in brackets in (20) using the Moore—Penrose pseu-
doinverse due to its robustness to deal with ill-conditioned
or singular linear systems while maintaining numerical
stability [39].

In the second step, we perform an interpolation process
to address the sparse sampling of the WIVERN mission.
Such interpolation is applied only to grid points with low
illumination, specifically targeting locations where the num-
ber of available measurements is insufficient or nonexistent.
The identification of low-illumination areas is guided by an
illumination map Z;, which is determined by the positions
of radar wind measurements. The illumination in each cell is
defined by summing all the weights ffl) in (7) at each grid
point, i.e.,

2L

N N IO
(h — () _ i
I, = E & = E exp | — (’7)
i=1

i=1

where the summation extends over all measurements in the
domain.

Furthermore, to characterize the overall observational cov-
erage of a given scene, we define the domain-averaged
illumination parameter

s

T= <I£’)>” N,

where ( - ) denotes the areal mean over all N, grid points. The
averaged illumination indicates how well the entire observation
region is illuminated by the available measurements. A higher
value of 7; indicates denser observational coverage, while
lower values suggest regions with very sparse or insufficient
sampling.

In this way, regions of the initial model reconstructed in
the first step and associated with a pixel illumination (21)
below a cutoff will be identified as having low illumination
and reset to a “Not a Number” (NaN) element. Then, they
are replaced with elements determined using an interpolation
function f(y”), where y° represents the subset of non-NaN
elements in x!%. Given the illumination map Z; associated
with the radar acquisition geometry and a cutoff value Z .y,
we define this step as

(22)

o
XO — x? > if Iz) < Zeutofr (23)
"TlF G0, otherwise
- 0 [0 0
where x{ is the /th element of xI” = (", XJ, . 200

In this work, we use a scattered data interpolation method
to perform interpolation and replace NaN values. This method
constructs an interpolation function based on known data
points and their associated values and utilizes Delaunay tri-
angulation [40], which generates a mesh of triangles from the
known (non-NalN) points. Next, we evaluate the interpolation
function at NaN points using the natural-neighbor interpolation
method [41], which estimates the value of a NaN point by
weighting the values of the nearest known (non-NaN) points.
This weighting is based on the areas of the cells formed by
the triangulation. This promotes smoothness and continuity in
the initial model while minimizing unwanted artifacts [42].
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Fig. 7. Boxplots of the mean illumination distribution, as defined by (22),
for L = 40 km, corresponding to cross sections at different altitudes for Area
1 (blue lines), Area 2 (green lines), and Area 3 (pink lines). Each boxplot
is constructed from nine, ten, and five ascending passes, along with an equal
number of descending passes, for Areas 1, 2, and 3, respectively. The center
red line represents the median of the illumination map; the box represents the
IQR, with in the bottom of the box the first quartile (Q1, or 25% of the mean
illumination values) and in the top the third quartile (Q3, or 75% of the mean
illumination values). The whiskers extend to values that are not considered
outliers (they extend up to 1.5 times the IQR from the quartiles).

B. Selection of Regularization Parameter

Selecting an appropriate regularization parameter is a criti-
cal step for controlling the tradeoff between the measurement
and physics terms, preventing overfitting, and mitigating
numerical instabilities. An inadequate choice of A may lead to
either overfitting sparse observations or excessive smoothing
of dynamically relevant structures, and it may also affect the
numerical conditioning of the inverse problem [43]. To address
this, we consider the L-curve criterion [17], a well-established
technique widely used in the literature for regularization
parameter selection [44], [45]. The L-curve provides a compact
diagnostic of the tradeoff between the data misfit (1/2||.Ax —
bllg) and regularization (1 /2||Dx||§) terms by plotting their
norms in log—log space. The characteristic “L” shape arises
from the competing effects of data fitting and physical smooth-
ing, and the vicinity of the curve’s corner identifies a regime
in which both requirements are simultaneously satisfied [46].

To construct the L-curve, we first define a set of candidate
values for A, from Ap;, to Amax. For each value of A, we
solve the regularized inverse problem given by (19) to obtain
the estimated solution X,. Using this solution, we compute
the data misfit term 1/2||AX; — bllg and the regularization
term 1 /2||D§q||§. These quantities are then plotted against
each other on a logarithmic scale to form the L-curve. Once
we have constructed the L-curve, we determine the optimal
regularization parameter A as the point that minimizes the
Euclidean distance to the origin in log-log space, i.e.,

1 2 1 2
Pog(EHAﬁa—lﬂﬁ)]-%POg(EHDﬁA@)}.

(24)

A

= argmin
——
/le[/lmins /lmux]

It is worth emphasizing that this criterion identifies the solution
that achieves the most favorable compromise between data
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Fig. 8. Error expected for the WIVERN radar wind measurements when
averaged over a 5-km along-scan integration length as a function of the SNR
for the LoS wind (red dashed line) and the HLoS (black thick line). The noise
error only due to the radar Doppler estimates [see (26)] is plotted in the blue
line. For the expected WIVERN performance, SNR = 0 dB corresponds to a
radar reflectivity of —18 dBZ.

(c) (d)

Fig. 9. Simulation of a WIVERN overpass of the Hurricane Irma weather
system for a descending orbit passing close to the eye of the hurricane. A cross
section at an altitude of 7 km is shown. The retrieval is performed on grid
boxes with a size of 10x 10 km?. (a) 94-GHz measured reflectivity (accounting
for the slant-view attenuation). (b) Illumination Z;, with L = 40 km as provided
by (21), where values close to light colors correspond to high illumination
(densely sampled points) and dark colors denote low illumination (dispersed
sampled points), with black indicating the absence of valuable information.
(c) and (d) Model zonal (#) and meridional (v) winds used as the ground
truth. The black dots represent radar-sampled points with reflectivity above
the radar sensitivity, while the pink line indicates the satellite ground track.

fidelity and physical consistency, without relying on subjective
tuning [43].

C. Multiscale Approach

The L-parameter defines the spatial resolution at which the
wind velocity is reconstructed: a large L yields a smoother



5103317

(e)

IEEE TRANSACTIONS ON GEOSCIENCE AND REMOTE SENSING, VOL. 64, 2026

(f)

Fig. 10. Retrievals of the horizontal wind for the scene shown in Fig. 9 for different iteration steps of the procedure described in Section IV. The first column
[(a)-(c)-(e)] illustrates results for the zonal wind (u), whereas the second column [(b)-(d)-(f)] shows the meridional wind (v). (a) and (b) First guess of u and
v, respectively, obtained from the solution of (20) with the corresponding errors computed with respect to the model reference fields depicted in Fig. 9(c)
and (d). (c) and (d) Retrieved solution at an intermediate step of the multiscale approach, with L = 15 km. (e) and (f) Final retrieved models with L = 10 km
after the complete multiscale processing. Grid points with illumination Ig) < 0.5 which have been shaded.

solution, effectively filtering out small scales and irregularities
caused by sparse sampling. In contrast, a small L results in
a more localized weighting, with only nearby observations
influencing the inversion at each grid point.

In this context, we propose a multiscale inversion approach
as follows: starting from an initial guess, the solution is pro-
gressively refined by systematically decreasing the correlation
length parameter L. The algorithm starts with a large L, which
ensures a smooth and well-regularized initial estimate and then
gradually decreases L to introduce finer-scale structures while
maintaining stability throughout the inversion process.

By structuring the inversion in this way, we leverage the
large-scale coherence of the initial solution while gradually
incorporating smaller-scale features in a controlled manner,
thereby obtaining high-resolution models. Furthermore, the
multiscale approach avoids common pitfalls associated with

single-scale inversions, such as sensitivity to noise when using
small L or excessive smoothing when using large L throughout
the entire process [18], [47].

V. NUMERICAL EXPERIMENTS

In this section, we first demonstrate the potentialities of the
multiscale continuity-constrained least-squares methodology
for retrieving horizontal wind fields within dynamic weather
systems from the sparse sampling envisaged for the WIVERN
mission. The selection of the regularization parameter control-
ling the relative weight of the mass-conservation constraint
is performed objectively using the L-curve criterion; details
and sensitivity analyses are provided in Section IV-B and the
Appendix.

The first step in our analysis is to define the specific
regions to be examined. Within these regions, we identify
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Fig. 11. Simulation of a WIVERN overpass of the mid-latitude storm in the southern ocean (Area 2). A cross section at an altitude of 4.5 km is shown.
(a) 94-GHz measured reflectivity (accounting for the slant-view attenuation). (b) Illumination Z; (21) with L = 40 km; the mean illumination (Z;) is 21.16.
(c) and (d) Model zonal (1) and meridional (v) winds used as the ground truth. (¢) and (g) Final retrieved models after the complete downscaling processing.
(f) and (h) Corresponding errors computed with respect to the model reference fields depicted in (c) and (d). In the bottom figures, grid points with illumination

IIEI) < 0.5 have been shaded.

radar-illuminated areas and extract the associated measure-
ments. Once the dataset was selected, we obtained the mean
illumination (Z;) distributions for each area and selected
altitude using (22). Fig. 7 shows boxplots of the mean illu-
mination distribution, for L = 40 km, corresponding to cross
sections at different altitudes for Area 1 (blue lines), Area
2 (green line), and Area 3 (pink line). In each boxplot, the
central red line represents the median of the mean illumination
distribution at a given altitude. The interquartile range (IQR) is
indicated by the box, where the lower boundary corresponds
to the first quartile (Q;, the 25th percentile), and the upper
boundary represents the third quartile (Qs, the 75th percentile).
The whiskers extend to the largest and smallest values that
are not considered outliers, with lengths limited to 1.5 times
the IQR between the quartiles. We observe a clear variation
in mean illumination levels across different altitude ranges in
each study area. In Area 1 (blue line), the median illumination
increases with altitude, reaching a peak before decreasing at
higher altitudes. This is due to strong attenuation caused by
liquid precipitation below the freezing level in the hurricane,
which drives the signal below the detection threshold and,
thus, reduces illumination. On the other hand, illumination

remains above 4 up to 14 km, due to the presence of ice
clouds with significant water contents up to such altitudes. A
different behavior is observed in the other two areas (green
and pink lines) with the maximum illumination encountered
in the first 6/7 km and then dropping rapidly above 7 km.

End-to-end simulations of WIVERN radar signals have
been studied in detail in recent years (e.g., [23]). Besides
accounting for the WIVERN geometry, they account for the
noisiness of the pulse-pair estimator [22], presence of clutter
(see [12]), nonuniform beam filling, and wind shear errors
(see [48]). A detailed analysis of the errors associated with the
Doppler velocities has been conducted in preparation for the
user consultation meeting (see [5]). The standard deviation of
the HLoS Doppler velocities, ov,,,, (black thick continuous
line in Fig. 8), is the result of the uncertainty on the LoS
wind (o, red dashed line in Fig. 8) and of the uncertainty
associated with the vertical component motion (w — V?) here
indicated with oy,). It can be computed as

o\ v \2
LoS z
(sin@;) + (tanel) '

(25)

O Vires =
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Fig. 12. Simulation of a WIVERN overpass of a frontal system in the Atlantic Ocean Off Labrador, referred to here as Area 3. A cross section at an altitude of
5 km is shown. (a) 94-GHz measured reflectivity (accounting for the slant-view attenuation). (b) Illumination Z; (21) with L = 40 km; the mean illumination
(Zy) is 14.11. (c) and (d) Model zonal (z) and meridional (v) winds used as the ground truth. (e) and (g) Final retrieved models after the complete multiscale
processing. (f) and (h) Corresponding errors computed with respect to the model reference fields depicted in (c) and (d). In the bottom figures, grid points

with illumination Ig> < 0.5 have been shaded.

oy, is the result of the uncertainty in w (estimated to be 0.7 m/s
in stratiform regions) and of the error in the estimation of V?
(see Section II), for a total uncertainty of 1 m/s.

On the other hand, oy,,, = (O'ZOise+O'ﬁubf)l/ 2 where the first
component is the uncertainty associated with the noisiness of
the radar measurements [22] (blue continuous line in Fig. 8),
and the second term, o, accounts for a random error
introduced by nonuniform beam filling effects and is estimated
to be of the order of 1 m/s [23]. The noise error is a strong
function of the signal-to-noise ratio (SNR) of the signal and
can be approximated as [23]

2
Vyg 1
noise = ———=— 1 - B2 26
T noise ,_ZNJTIB ( + SNR],',,) B (26)
where v,, = 40 m/s is the Nyquist velocity, N =

40 is the number of pulses averaged across the 5-km

integration length envisaged for the WIVERN radar, § =
0.98 exp[—8((719, Tw)/ D%, 6, = 3 m/s is a characteristic
broadening of the Doppler spectrum for the WIVERN mission
(see [23]), T, = 20 us is the separation between the pulses that
are used to derive the Doppler velocity [22], A = 3.2 mm, and
S NRy;, is the linear signal-to-noise ratio. Note that the error
related to the phase shift estimate between different radar pulse
pairs strongly increases when moving toward SNR=0 dB.
Therefore, attenuation, which can be significant at W-band
frequencies, increases noise (but not biases) in the Doppler
signal.

Another potentially important source of error is pointing
errors associated with either thermoelastic distortion of the
antenna or uncertainties in attitude determination. Industrial
studies [5] have demonstrated that the contribution of random
pointing errors is limited to ~ 0.5 ms~!. Systematic errors,
with periods longer than a day, introduce more significant wind
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Fig. 13. Standard deviations of errors between reconstructed and true wind
fields as a function of absolute distance from the satellite ground track for
Area 1 (top), Area 2 (middle), and Area 3 (bottom). The left figure shows
the standard deviation for the zonal wind component (o), while the right
figure displays the standard deviation for the meridional wind component (o).
Results are shown for different scene-averaged illumination cutoff thresholds:
no cutoff (black circles), cutoff = 8 (blue stars), and cutoff = 14 (purple
triangles). Filled markers represent cases without noise, while unfilled markers
indicate cases with noise.

velocity errors that can be largely reduced through calibration
techniques (e.g., using the altimeter technique and the surface
zero-Doppler signature [5], [49], [50]).

Our methodology aims at retrieving the horizontal wind
components at a spatial resolution of 10 x 10 km?. In all
experiments, the multiscale inversion is performed using a
sequence of decreasing correlation lengths: L = 40, 20, 10, and
5 km. The illumination cutoff for the initial guess interpolation
(see Section IV-A) is set to Zoyor = 0.5. The regularization
parameter A is selected at each step via the L-curve criterion,
as illustrated for a representative case in the Appendix.

A. Case Studies

1) Hurricane Irma (Area 1): To demonstrate the effective-
ness of the multiscale approach, we analyze the case study
of Hurricane Irma [see Fig. 5 (left-center)], which caused
widespread destruction in the Caribbean and the southeastern
United States in 2017. Fig. 9 shows the cross section of the
hurricane at an altitude of approximately 7 km, while Fig. 9(a)
shows the reflectivity measured by the 94-GHz WIVERN
radar. At this altitude, numerous targets exhibit reflectivity well
above the WIVERN radar’s sensitivity threshold (—18 dBZ),
confirming the presence of strong scattering signals. This is
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Fig. 14. L-curve used to select the regularization parameter A. The curve
shows the tradeoff between the data misfit, 1/2||.A%,; — bllg, and the regular-
ization term, l/ZIIDfQII%, for different values of A (red markers). We identify
the optimal parameter at the corner of the curve, indicated by the blue marker,
corresponding to A = 0.0658.

confirmed by the illumination map [see Fig. 9(b)], which
is computed according to (21) with L = 40 km. Darker
regions (approaching black) indicate areas with sparse or
absent sampling due to limited illumination, while lighter
regions (approaching white) represent well-illuminated areas
with densely collected samples.

Fig. 9(c) and (d) shows the model zonal (1) and merid-
ional (v) winds, which serve as benchmarks for our wind
retrieval case study. In these figures, the black dots rep-
resent radar-sampled points corresponding to the WIVERN
scanning pattern, where the reflectivity exceeds the noise
level of —18 dBZ, and no strong convection is present (i.e.,
[w| < 2 m/s). The characteristic dipole structure of both the
meridional and zonal wind fields is evident, with maximum
values on the order of 40-50 m/s. This structure is typical of
cyclonic circulation.

The retrieval procedure described in Section IV is applied to
the simulated WIVERN measurements; results corresponding
to the different scales (L) are shown in Fig. 10 for the zonal
(left column) and meridional (right column) winds. The first
guess winds derived by using the inversion obtained from
the solution of (20) (top) already show the hurricane dipole
structure, but the fields are coarse because the methodology
uses a correlation length L = 25 km. As the model undergoes
further refinement by adopting shorter and shorter correlation
lengths (L = 10 and L = 5 km, center and bottom figures),
the resolution of the retrieved models and the errors in the
retrieved fields improve progressively (from top to bottom).
Note that, for the final iteration of the retrieval, the zonal winds
are characterized by larger errors than the meridional ones and
are mainly confined to the region close to the satellite ground
track. This is expected because of the WIVERN observing
geometry. Other large errors are present in areas with poor
illumination (e.g., the top and bottom left corners).
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Fig. 15. Retrievals of the horizontal wind for the scene shown in Fig. 9 for the first guess of u and v, respectively, obtained from the solution of (20). The
first column [(a)-(c)-(e)] illustrates results for the zonal wind (), whereas the second column [(b)-(d)-(f)] shows the meridional wind (v). (a) and (b) Retrieved
solution for the non-regularized case (1 = 0) with the corresponding errors computed with respect to the model reference fields depicted in Fig. 9(c) and (d).

(c) and (d) Retrieved solution using the optimal A-value (1 = A = 0.0658). (e) and (f) Retrieved models using A = 0.8111.

2) Mid-Latitude Storm in the Southern Ocean (Area 2): The
second example [see Fig. 5 (right center)] is an extensive cold
front with strong winds in the Southern Ocean, as typically
found in this region [51]. The 94-GHz WIVERN reflectiv-
ity [see Fig. 11(a)] follows the characteristic comma shape
observed in these systems in geostationary visible images.
The illumination map (Z;) with L = 40 km [see Fig. 11(b)]
highlights the absence of clouds in the western part with darker
regions (approaching black) indicating areas with sparse or
absent sampling.

Fig. 11(c) and (d) shows model zonal winds (x) blowing at
more than 40 m/s eastward in the Northern part and at more
than 25 m/s westward in the Southern part. Meridional (v)
winds blow weakly northward in the upper and turn strongly
southward in the center of the system.

Fig. 11(e) and (g) presents the final retrieved models after
completing the multiscale processing, while Fig. 11(f) and (h)
shows the corresponding errors computed with respect to the

model reference fields. We notice that the illuminated areas
are reconstructed very effectively, whereas areas without illu-
mination are not reconstructed, as expected due to insufficient
information. In addition, the regions between measurements
are also satisfactorily reconstructed, thanks to the application
of the multiscale approach. This is demonstrated in Fig. 11(f)
and (h), which show a low error in the radar-illuminated region
and its surrounding areas, as depicted by the predominance of
the green color in these areas. Areas shaded correspond to
regions where retrieval is performed, but it is inaccurate due
to insufficient illumination (Ig) < 0.5).

3) Frontal System in the Atlantic Ocean Off Labrador
(Area 3): As a final case study, we consider the passage
of the WIVERN radar over a frontal system in the Atlantic
Ocean near the Labrador region Fig. 5 (bottom), here referred
to as Area 3. In particular, the analysis focuses on a cross
section at 5-km altitude, with the 94-GHz reflectivity shown
in Fig. 12(a). Also, this area has regions that are not very well
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illuminated, with no measurements for hundreds of km [(b)],
as shown by the mean illumination (7o) equal to 14.11. We
use the zonal (1) and meridional (v) winds as References in the
models shown in Fig. 12(c) and (d), respectively. In Fig. 12(e)
and (g), we present the retrieved models, while, in Fig. 12(f)
and (h), we show the corresponding errors relative to the
reference fields in (c) and (d). As before, the results show that
our multiscale approach yielded a satisfactory reconstruction
of the wind fields in areas with decent radar illumination.

B. Statistical Analysis

To evaluate the characteristic errors in the retrievals of
the u and v components, we simulated several WIVERN-like
observations for various ascending and descending overpasses,
with a zonal separation of 200 km, across the three systems
depicted in Fig. 5 and described in Section III. For Area 1,
we analyzed 477 scenes in total, comprising 19 ascending
and 34 descending overpasses, with wind fields extracted at
9 different heights. For Area 2 (3), we examined 450 (160)
scenes, comprising 16 (11) ascending and 29 (21) descending
overpasses, with wind fields extracted for 10 (5) different
heights.

Fig. 13 shows the errors (standard deviation of the difference
between the retrieved and true models) associated with the
reconstructed wind fields u (left) and v (right) compared to
the reference models, for Area 1 (top), Area 2 (middle), and
Area 3 (bottom). We calculated the errors as a function of the
absolute distance between the positions where we recorded
the measurements and the satellite ground track. Points with
illumination Z{” < 0.5 have been excluded from the analysis.
In addition, we evaluated the impact of scene illumination
on these errors. For this purpose, we used the mean scene
illumination value (22), Z, as a cutoff parameter. In this regard,
we considered three different cutoff values: Z = 12 (downward
purple triangles), Z = 8 (blue stars), and Z = 0 (black circles).
In this figure, filled markers refer to the noise-free case, and
unfilled markers refer to the results obtained in the presence
of noise.

For both wind components, the reconstruction error
decreases with increasing absolute distance, particularly within
the first 200 km. This is caused by the sparser sampling
and the lack of independent views in correspondence to
the central part of the swath (see Fig. 4). Moreover, the
pronounced reduction in errors for higher illumination cutoff
values indicates that larger illumination cutoffs improve the
accuracy of the retrieved wind fields. This effect is partic-
ularly evident for Z = 12, where we consistently achieve
the lowest errors. We also observe that noise significantly
affects reconstruction, as errors in the noisy case (unfilled
markers) remain consistently higher than those in the noise-
free case (filled markers). In the left figure, corresponding to
oy, we see a rapid decrease in error over the initial 100 km,
followed by gradual stabilization. The lowest errors occur for
T = 12, while Z = 8 yields slightly higher values, and Z = 0
results in the highest errors. A similar trend is present in
o, (right figure) although the error stabilization appears to
occur at slightly larger distances. These results demonstrate
that the illumination cutoff significantly influences the quality

5103317

of the reconstructed wind fields. Higher cutoff values lead
to improved accuracy, while noise systematically increases
errors. Our findings highlight the importance of optimizing the
illumination cutoff when applying this reconstruction method
in practical scenarios.

VI. CONCLUSION AND FINAL REMARKS

Progress in Earth observation technology suggests that the
next generation of space-based atmospheric radars will be
able to map mesoscale winds within cloud and precipitation
systems. WIVERN, selected by ESA as the Earth Explorer
11 mission, proposes to measure in-cloud wind profiles using
a conically scanning W-band Doppler radar. In this article,
a gap-filling and reconstruction algorithm for the horizontal
wind vector is proposed, based on WIVERN’s ability to
measure LoS winds in nearly overlapping volumes, almost
simultaneously from different vantage points as the satellite
moves rapidly over the observed scene. The algorithm starts
with an initial wind field derived at coarse scales from an
analytical solution and downscalers the wind field to finer
scales. The results show that, for scenes having a healthy
number of clouds, it is possible to reconstruct the zonal and
meridional winds with uncertainties between 2 and 4 m/s
depending on the illumination and the azimuthal diversity of
the observed region. Accuracy is generally reduced in the
central part of the swath, near the ground track, due to sparse
sampling and a lack of independent views.

The algorithm reconstructs the horizontal wind field at each
level independently. Future work should aim to reconstruct the
full 3-D structure of the horizontal wind field, including its
vertical correlation. A key assumption of the algorithm is that
convective areas are screened out (i.e., horizontal winds are
retrieved only where vertical motions can be neglected). Fur-
ther studies will focus on assessing the potential of WIVERN
observations to identify and quantify convective motions. In
addition, the demonstrated tradeoff between spatial coverage
and accuracy, revealed by illumination cutoff analysis, opens
promising avenues for developing adaptive retrieval strategies
optimized for future, specific studies. Another interesting
avenue of research could be to retrieve wind features with
strong small-scale variability (such as the winds in the inner
cores of hurricanes) when observed with very dense sampling,
as occurs in the last 20 km near the edge of the WIVERN
swath.

APPENDIX:
IMPACT OF THE REGULARIZATION PARAMETER

In this appendix, we illustrate the impact of the regulariza-
tion parameter A on the stability and physical consistency of
the horizontal wind retrieval. The formulation of the regular-
ized problem is described in Section IV-B. We focus on the
Area 1 case study (Hurricane Irma), depicted in Section V-Al,
as a representative example, noting that all other cases exhibit
similar behavior.

We select A objectively using the L-curve criterion [17],
which balances data fidelity and enforcement of the mass-
conservation constraint [17], [43], [44], [45]. Fig. 14 shows the
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resulting L-curve, constructed from the data misfit 1/2||AX, —
b||% and the regularization term 1 /2||D§(/1||% for a range of
A values. We determine the optimal parameter as the point
minimizing the distance to the origin of the L-curve using
(24). In this case, we obtain 1 =0.0658, corresponding to the
corner of the curve.

Fig. 15 shows the practical consequences of the choice
of A by comparing retrieved horizontal wind fields obtained
with three representative values. For 4 = 0, the solution is
dominated by small-scale noise and lacks physical coherence
[(@) and (b)] when compared with the benchmark model
(see Fig. 9), particularly in poorly sampled regions. Using
the optimal value 4 = 1 yields a stable and physically
consistent solution that preserves the main flow structures
while suppressing nonphysical oscillations [(c) and (d)].
In contrast, excessively large values of A produce overly
smooth fields and attenuate dynamically relevant gradients
[(¢) and (D]. X

The optimal value A, therefore, provides a robust compro-
mise between numerical stability and physical realism and is
adopted in the subsequent analyses.
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