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ABSTRACT: Much of the errors of atmospheric motion vectors (AMV) may be a consequence of algorithms not incor-
porating dynamical information. A physics-informed, artificial intelligence algorithm was developed that corrects errors of
moisture tracking AMV (from the movement of water vapor) using numerical weather prediction (NWP) fields. The Uni-
versity of Arizona (UA) algorithm uses a variational method as a first step (fSUA); the second step then filters the first-
stage AMVs using a random forest model that learns the error correction from NWP fields. The UA algorithm is compared
with a traditional image feature tracking algorithm (JPL) using a global nature run as the “ground truth.” Experiments use
global all-sky humidity fields at 500 and 850 hPa for 1-3 January 2006 and 1-3 July 2006. UA outputs AMVs with root-
mean-square vector differences (RMSVDs) of 2 m s~ ! for the tropics and ~2-3 m s~ ! for midlatitudes and the poles,
whereas JPL outputs much higher RMSVDs of ~3 m s~ for the tropics and ~3-9 m s~ ! for the midlatitudes and poles.
Although the algorithm fsUA produces approximately the same global RMSVDs as the JPL algorithm, fsSUA has a higher
resolution since it outputs an AMV per pixel, whereas the JPL algorithm uses a target box that effectively smooths the vec-
tors. Furthermore, UA’s RMSVDs are lower than the intrinsic error (calculated from the differences between two reanaly-
sis datasets). Even for error-prone regions with low moisture gradients and where winds are oriented along moisture
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isolines, UA’s absolute speed difference with “truth” stays within ~3 ms ™.

KEYWORDS: Cloud tracking/cloud motion winds; Artificial intelligence; Machine learning

1. Introduction

Horizontal wind measurements are widely recognized to
be essential for numerical weather prediction (NWP) and a
variety of other applications. Much of these observations
come from radiosondes that are released from weather sta-
tions at most twice per day with limited spatial coverage
(e.g., missing large areas such as over oceans; Baker et al.
2014). More recently, the Aeolus satellite has returned
measurements of wind velocity by firing a laser pulse toward
the atmosphere and detecting the Doppler shift of back-
scattered radiation (Reitebuch et al. 2009). However, only
the wind in the line of sight of the satellite instrument is
measured, measurements must be averaged over a horizon-
tal length scale of 10-90 km along-track (Savli et al. 2019),
and the data have a relatively low temporal resolution of
twice per day crossings at the equator.

Horizontal wind can also be estimated from feature track-
ing of remotely sensed cloud top or moisture fields across a
specific time interval. These feature-tracking wind products,
usually called atmospheric motion vectors (AMVs) are
available from various meteorological organizations around
the world (Santek et al. 2019). The AMV products can
roughly be divided by the type of satellite (or instrument)
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used to retrieve them: geostationary (GEO) satellites, low-
Earth-orbiting (LEO) satellites, mixed, and stereoscopic
(Cotton et al. 2020). All these types have their strengths and
weaknesses.

Most AMVs come from GEO satellites, such as the series
from the Geostationary Operational Environmental Satellite
(GOES), Meteosat, and Himawari (Cotton et al. 2020).
GOES-R’s Advanced Baseline Imager (ABI) instrument only
has 16 bands and only a few that are relevant to water vapor.
They have high horizontal resolution and frequent temporal
coverage (Schmit et al. 2017), but the imaging instruments in
these satellites tend to have few bands. This means that the
AMVs produced are very sparse vertically (Santek et al. 2019;
Lean and Bormann 2018), either located at a single level
(cloud top, in the case of cloud-tracked winds) or at most at
very few vertical levels in moisture tracking retrieval. Finally,
GEO satellites have no coverage in the high latitudes (pole-
ward of = 60°), due to unfavorable geometry of Earth’s disc
(Lazzara et al. 2014).

In contrast to GEO satellites, LEO satellites can produce
AMVs in the higher latitudes due to the instrument swath
overlaps (Martins et al. 2019). For instance, the Moderate
Resolution Imaging Spectroradiometer (MODIS), which is
aboard the Terra and Aqua satellites, can only view the same
location 4 times per day at 50° latitude, whereas at the poles it
views the same location 14 times per day (Key et al. 2003).
Other LEO satellites that produce AMVs include the MetOp
series, NOAA-15/18/19/20 series, and Suomi-NPP (Cotton
et al. 2020).

The previous techniques for capturing cloud-tracking
AMVs rely on error-prone indirect means to calculate AMV
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height, which make them the largest source of retrieval uncer-
tainties. In contrast, the Multiangle Imaging Spectroradiome-
ter (MISR) on Terra is a stereoscopic instrument that can
calculate AMVs with a more accurate height assignment
through a geometrical algorithm that aggregates snapshots at
various angles (Carr et al. 2018). However, MISR only has
four spectral bands and suffers the same temporal resolution
problems as the other LEO instruments.

Finally, GEO and LEO satellites cannot usually produce
AMVs in the region between 50° and 70° latitudes, which con-
tains the polar jet streams. Mixed AMV techniques can be
used for this region: using two LEO satellites orbiting slightly
out of phase such as in Dual-MetOp (Hautecoeur et al. 2014),
or compositing LEO and GEO imaging to calculate AMVs
(LEO-GEO) (Lazzara et al. 2014). The Dual-MetOp configu-
ration can also be used to generate global AMV fields.

However, these AMV products share a basic problem: their
computation only takes information from cloud and moisture
images and the assumptions of the tracking algorithm.
Beyond the noise inherent to the measuring instruments,
there are sources of missing information related to physical
and dynamical processes. For example, a limiting assumption
is that the features tracked are passive and do not experience
any distortion/destruction. The actual features can be dis-
torted by processes that retrieval algorithms do not take into
account. Clouds can grow, disappear, and split, and also
clouds can remain immobile in standing waves even if there
are nonzero wind speeds (Carr et al. 2018). Finally, the algo-
rithms cannot capture motion even in nonzero wind speeds
when processing low contrast images, such as in the case of
water vapor fields with low gradients or low moisture, or
when winds blow along water vapor isolines (Posselt et al.
2019). No matter how sophisticated the feature tracking algo-
rithms are, they cannot extract information beyond what is
contained in the imaging bands and the algorithm’s assump-
tions, and therefore the algorithm will miss important fea-
tures, creating errors in the AMVs. All these factors lead to
cloud-tracking AMVs with errors as large as 5.9-9.0 m s~
(Santek et al. 2019).

A related approach to deriving wind fields is through the
assimilation of satellite radiances through four-dimensional
variational data assimilation (4D-Var). In this case, the fore-
casting model itself constrains the wind fields based on the
calculated horizontal displacement of the assimilated mass
fields. Studies have shown that the assimilation of infrared,
clear-sky water vapor radiances can aid the region between
850 and 500 hPa, since there are not as many clouds to be
tracked at those levels. However, radiances require thinning
and averaging, leading to an effective resolution of about 125
km (Forsythe et al. 2014). Furthermore, 4D-Var calculates
winds from horizontal mass advection, whereas water vapor
changes are due to vertical displacement as well, especially in
dynamically interesting zones, such as in convective systems
(Stoffelen et al. 2020). Another interesting application of 4D-
Var assimilation is from microwave humidity profiles, since
they are “all sky,” meaning that microwave sounders can
measure humidity profiles below clouds. Studies have shown
that all-sky assimilation of microwave-derived humidity
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profiles from the LEOs MetOp-A/B and NOAA-18/19 can
add as much as 1.5 h in forecast skill (Geer et al. 2014). We
should expect in the future that all-sky humidity profiles
derived from microwave sounders deployed in GEOs would
add even more skill through assimilation, due to the enhanced
temporal and global coverage (Lambrigtsen et al. 2018).

Recently, Posselt et al. (2019) argued that, for the case of
moisture-tracked AMVs, the error of the tracking algorithm
is a function of the underlying local state variables, such as
moisture, wind speed, and wind direction. Therefore, Posselt
et al. imply that for certain regions in observed space, such as
in regions of low moisture, or where the wind vector is per-
pendicular to the moisture gradient, the AMV algorithm lacks
sufficient information to generate accurate wind speeds.
Regardless of the sophistication of the algorithm, ultimately
tracking cannot produce more information than what is
already given by the images and the algorithm’s assumptions.
Furthermore, these errors caused by missing information of
the underlying dynamics lead to the rejection of many AMVs
through quality control before data assimilation. For example,
sometimes more than 50% of cloud-tracking AMVs can
be rejected by operational algorithms (Santek et al. 2019). These
are rejected data that could otherwise be assimilated or used.

The question is then, how can we substantially improve the
retrieval of AMVs (e.g., as shown in Posselt et al. 2019),
including over regions of low moisture or where the wind vec-
tor is perpendicular to the moisture gradient? The goal of this
study is to do so by incorporating dynamical information into
the moisture-tracking algorithm in a two-stage process. In the
first stage, we use a feature-tracking algorithm that tracks the
motion of moisture based on a variational method that calcu-
lates an AMV per pixel. In the second stage, a random forest
(RF) model learns from NWP short-term forecast fields and
conducts error corrections for the first stage AMVs. The
advantage of this approach is that since the NWP model is
based on the primitive equations of the atmosphere, the algo-
rithm can extract dynamical information from the NWP
model and use them to correct the “dynamics blind” algo-
rithm of the first step. We will refer to this two-stage algo-
rithm as the University of Arizona (UA) algorithm.

To directly compare the UA algorithm with the Jet Propul-
sion Laboratory (JPL) algorithm as used in Posselt et al. (2019)
(as a representative of traditional image feature tracking meth-
ods used in prior studies), we use the same moisture field for
our retrieval and the same “ground truth” for validation. Both
are from the Goddard Earth Observing System Model, version
5 nature run (G5NR; Putman et al. 2014), rather than from real
observations. Just as with Posselt et al. (2019), our use of GSNR
moisture fields will not be specific to cloudy or clear skies, and
therefore cloudy pixels will not be masked. This is because
microwave sounders (Lambrigtsen et al. 2018) can potentially
retrieve moisture fields below clouds, even if infrared sounders
can only deal with clear-sky pixels. Furthermore, hyperspectral
infrared sounding can be combined with microwave sounding
data for all-sky moisture retrieval.

Another motivation for this work is the recognition that
hyperspectral infrared instruments can retrieve high-vertical-
resolution water vapor fields (Pagano et al. 2016).



DECEMBER 2021

Hyperspectral moisture fields would also avoid the height
assignment problem experienced with the low vertical resolu-
tion of GOES’s ABI imager and other similar instruments.
Furthermore, 3D AMVs derived from hyperspectral moisture
fields could capture many AMVs in the midtroposphere, in
contrast to the paucity of cloud tracking AMVs in this layer.
The UA algorithm developed here is intended for the 3D
AMVs that in the future will be obtained using a geostation-
ary hyperspectral infrared sounder, a constellation of infrared
sounders (e.g., via cubesats; McCarty et al. 2021), or regions
with overlapped swaths from two satellites within a time inter-
val [e.g., via the hyperspectral infrared instrument CrIS
(Cross-track Infrared Sounder) on the JPSS-1 and Suomi-
NNP satellites] (Zou et al. 2020). In this study, we use simu-
lated pressure-level fields, mimicking the pressure-level
retrievals from hyperspectral instruments, to circumvent the
issues inherent in simulating broad sensitivity of GOES-16
channels.

The rest of the paper is divided in the following way: sec-
tion 2 describes the two-stage algorithm of UA, the more tra-
ditional JPL algorithm, and the statistical methods used for
the comparison. Section 3 explains the behavior of the error
distribution for the various AMV algorithms, and their
robustness to error-prone regions, such as points where
advection is parallel to water vapor isolines. Section 4 dis-
cusses how UA avoids common problems encountered in
operational constraints and naive machine learning (ML)
models, including overfitting. Finally, in section 5 we conclude
and describe the significance of the UA algorithm in the oper-
ational and scientific context.

2. Methods
a. The UA algorithm

The University of Arizona algorithm is based on two stages.
For water vapor fields q at given pressure level (e.g., 850 hPa),
at times ¢ — At, ¢, and ¢ + At, the first stage consists of a varia-
tional method (Brox et al. 2004; Weinzaepfel et al. 2013) that
estimates the atmospheric motion vector field V" at time ¢, as

V* (t) :fvariaﬁonal [(I(l - Al), ‘I(f), (I(t + At)], (1)

where At is the time-step size. We refer to this stage as first
stage UA or fsUA. The second stage uses an RF model
(James et al. 2013) and NWP short-term forecast fields:

V() = fre[ V'), Vawp ()], (2)

where Vwe(?) is the horizontal wind field from NWP, and V(¢)
is the corrected AMYV field. Fields here denote matrices that have
a value for each spatial grid point. For example V(r) = V(x, f),
where x are the spatial coordinates of the vectors. Below, we will
describe the different parts of Egs. (1) and (2), including the vari-
ational algorithm, the RF model, and the approach used to
approximate the error correction of first stage AMVs.

The variational method in Eq. (1) calculates an approxima-
tion of V(¢ + At/2) based on a hypothetical displacement from
q(x, ) to q(x + AV, t + Ar). This variational method is based
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on the minimization of a function E that penalizes deviations
from gradient constancy and moisture constancy across time
steps. A sample function that fits the above conditions is

E= Illl(g, m)dA, 3)
m= q[x + AV (¢ + At/2),t + At] —q(x, 1), “)

g= Vq[x + AV (¢ + At/2),t + At] -Vqx, ), (5)

where ¢ is some cost *function, A is the area of the computa-
tional domain, g is the constant moisture gradient penalty
term, m is the constant moisture penalty term, and V* is the
horizontal velocity field that minimizes E. The parameters g
and m penalize against a change of density in a Lagrangian
parcel of water vapor, enforcing mass conservation. We use
the “deepflow” implementation of OpenCV (Weinzaepfel
et al. 2013; Itseez 2015) which solves a closely related equa-
tion to Eq. (3). The complete equation has also a smoothness
term that penalizes large gradients in velocity. This implemen-
tation also has a multiscale approach, where the minimization
of E is first approximated at a coarser resolution, and then
subsequently refined at a higher resolution.

To increase the accuracy of V*(r + A#/2), we iterate the
algorithm of Eq. (3) two times. After solving Eq. (3) one
time, we warp q(f) with the computed velocity field from Eq.
(3), leading to a shifted water vapor field q*(f). We then solve
Eq. (3) again with q*(¢), generating another velocity field. We
then finally add the velocity fields from both steps, generating
a more accurate V*(¢ + A#/2). While solving Eq. (3), we inter-
polate the missing data from the water vapor fields with an
image processing algorithm inspired by the Navier-Stokes
equations (Bertalmio et al. 2001).

Finally, we calculate the first stage velocity by averaging

V() = Vi(t+ At/2) J2r V(e —At)2) ©)

We will refer to this stage as fsUA.

We will compare the UA method with a feature tracking
method provided by JPL (Posselt et al. 2019), based on a sum
of absolute differences (SAD) algorithm, where motion vec-
tors are calculated from the distance of correlated areas
between two images.

For the second stage in Eq. (2), we use the sci-kit learn
(Pedregosa et al. 2011) implementation of RF in the following
way: after the first stage algorithm processes humidity fields
q(t — Ar), q(¢), q(t + Ar) and produces first stage V*(¢) at a pres-
sure level P, we use V*(¢) as an input for the RF function that
will be fitted. The Vnwp fields become the output of the fitted
function. Therefore, the RF function is fitted in such a way that

Vnwe(t) = h{l[V*(f)]}» (7)

where £ is the fitting function and | is an input matrix that
includes V*(¢) and other features. We randomly sample 5%
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of the available NWP data to fit Eq. (7). The final fitted func-
tion A should output a “good” approximation of Vnwp(),
which will be our final, second stage AMYV field V(¢).

The complete input matrix | is

1=(,A,¢, V), (3

where ¢ is the latitude field, A is the longitude field, and ¢
computes whether a pixel is on land or ocean.

As mentioned above, we divide the data (I, Vnwp) between
a training dataset (liain, VNwP train) (representing 5% of grid
boxes) and a testing dataset (lies;, Vawp test) (representing the
remaining 95% of grid boxes). Separating training from test-
ing data makes sure that the algorithm is tested with data that
were not fitted.

Given that Vywp has inherent uncertainty, we must take
care that meaningful structures are captured by /# and are not
overfitted to error, and therefore the final second stage V field
should be a filtered version of Vwep.

To avoid overfitting, we train /2 with noisy data. The noise,
however, must account for the structure of the systematic
error inherent to the NWP fields. Here we model the spatial
structure of the variance as a function of the differences
between two reanalyses.

We create the noisy training dataset by taking the GSNR
fields (diruths Atruths Veruth,) as ground truth and adding noise:

xtrain(i) = xtruth(i) + ex(i) (9)

&) ~ N0.02)|. (10)

where x = ¢, A, u, v. Here i indicates a grid point iterated
across both meridional and zonal directions, since the
noise is calculated for each individual grid point. The
(beruth, Arun) fields are part of a regular grid with Ax =
0.0625° resolution (equivalent to the G5NR nature run hor-
izontal grid spacing). Here u and v are zonal and meridional
components of the horizontal wind velocity, respectively,
and ¢; is the noise. We use Gaussian distributed noise with
N[, 2(i)], where p is the mean, and o,(i) is the standard
deviation for x at grid point i. To avoid extreme values, we
put an upper bound on the magnitude of errors at two stan-
dard deviations, so |€,(i)| = 20,(i). To be more precise, if
the magnitude of the value sampled from N[0,02(i)]
exceeds the upper bound, it is automatically replaced by
either 20,(i) or —20,(i), depending on the sign of the sam-
pled value.

The standard deviations for the position of the AMVs are
constant: g,(i) = o = 1.5° and 04(i) = o4 = 0.15°. These con-
stants are adjusted by trial and error so that the final AMVs
are not overfitted. By overfitting here we mean that the algo-
rithm is depending on the NWP fields alone for information,
rather than also extracting a signal from fsUA.

The parameters o, and oy, although introduced for overfit-
ting, can by physically interpreted as the uncertainty of collo-
cating an AMYV on its ground truth coordinates, since tracked
AMVs, like most meteorological observations, will have an
irreducible spatial representativeness error (Nappo et al.
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1982). We discuss these parameters more thoroughly in sec-
tion 4.

As mentioned before, these NWP fields have an inherent
error structure, since they are not equivalent to ground truth
velocity fields. To simulate the uncertainty of NWP fields
Vnwp, We can approximate a function for the (o, o) fields
that already includes assimilated radiosonde data by calculat-
ing the difference between the velocity fields of two different
reanalysis products in which radiosonde data are assimilated.
For real-time applications in the future, the differences from
two NWP short-range forecasts (in which radiosonde data are
assimilated) would be used. We choose for the reanalysis
products ERA-5 (Hersbach et al. 2020) and Climate Forecast
System (CFSR) (Saha et al. 2010). Therefore, the standard
deviations of the errors for both w;,i, and v, are

(11)

oy(i) = |yeras (i) — yersr ()],

where y = u, v. In other words, our approximation assumes
that VNWP = Vlrain = Vtrulh te

Equation (11) ensures Vnwpwain has less error in the
regions where radiosonde data are available, such as in the
United States, China, and western Europe (Fig. 1), making
the signal stronger in regions that are rich in observations
(used in NWP data assimilation). Since reanalysis fields from
ERAS and CFSR have different resolutions than the GSNR
fields used in this study, we use two-dimensional linear inter-
polation to compute o,(i) by interpolating ygpras(i) and
vcrsr(?) for every pixel i.

We must emphasize that Vi, inputted into Eq. (8) must
be of the same time ¢ as V*. This is because the spatial struc-
tures learned by the RF algorithm are very time dependent,
and therefore one cannot use Vywp from a previous ¢ to cor-
rect V*. In this study, we therefore recalculate the reanalysis
differences on an NWP cycle by cycle basis, e.g., for 0000,
0600, 1200, and 1800 UTC.

We run our algorithm on data from GSNR (Putman et al.
2014) for our comparison between UA and JPL algorithms.
There are eight numerical experiments, and the parameters
that define each experiment are described in Table 1. All
experiments use Ax = 0.0625° for the spatial resolution. For
each date, we analyze four triplets of datasets spaced in 6-h
intervals. For example, a particular day has triplets centered
on hours 0000, 0600, 1200, 1800 UTC. If At = 30 min, then
the 0600 UTC triplet is computed from 0530, 0600, and 0630
UTC. Although we explore eight experiments, we will not
discuss all of them in the paper. The results of the remainder
experiments will be included in the online supplemental
material and they are similar to the results discussed in the
main text.

b. JPL algorithm

The JPL algorithm is described in Posselt et al. (2019). It is
a traditional feature tracking algorithm that works by first
finding a feature that has a two-dimensional gradient that
exceeds some threshold. Then a search area is established
around the feature. At each pixel of the search box, the sum
of absolute differences (SAD) between the feature and that
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(b) JPL
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FIG. 1. Maps of magnitudes of velocity vector differences between ground truth and AMVs produced by the differ-
ent algorithms. The panels represent (a) the first-stage variational algorithm (fSUA), (b) the Jet Propulsion Laboratory
algorithm (JPL), (c) the two-stage University of Arizona (UA) algorithm, and (d) the forecast error extracted from
reanalysis differences. Calculated for 0000 UTC 1 Jan 2006, At = 60 min, and P = 850 hPa. Regions with no data are

rendered white.

pixel is computed. The SAD is computed through a 44 X 44
target box that is centered at each of the search area’s pixels.
The pixel with the minimum SAD is the displaced feature. A
quadratic cost function is used in addition to achieve subpixel
accuracy in displacement.

As described in Posselt et al. (2019), the JPL algorithm
assumes that the height assignment error is small enough to
retrieve specific pressure levels. This approximation is reason-
able for hyperspectral infrared sounders for clear-sky pixels

TABLE 1. Parameters for numerical experiments. Each set of
dates covers the first three days of the chosen month. All
experiments have spatial resolution of Ax = 0.0625°.

Experiment At (min) Dates Level (hPa)
1 30 1-3 Jan 2006 850
2 60 1-3 Jan 2006 850
3 30 1-3 Jan 2006 500
4 60 1-3 Jan 2006 500
5 30 1-3 Jul 2006 850
6 60 1-3 Jul 2006 850
7 30 1-3 Jul 2006 500
8 60 1-3 Jul 2006 500

and hyperspectral infrared sounders in combination with
microwave sounders for all-sky pixels. However, there are not
operational hyperspectral, moisture-tracking AMVs yet.
Operational moisture tracking products usually use just a few
bands, for example GOES-R’s ABI instrument only has three
bands that can be used for AMVs. This generates a large
height assignment error.

c. Statistical methods

For the UA algorithm to outperform the JPL algorithm, its
errors must be smaller. However, for either the UA or JPL
algorithm to be skillful, its errors need to be smaller than the
above forecast errors (due to reanalysis differences and collo-
cation errors).

We will calculate root-mean-square vector difference
(RMSVD) across different regions of latitude, where
RMVSD is

S ~ st O + [10) — v ] fe0s 50

V)= |= Z cos(i) ’

(12)



1676 JOURNAL OF APPLIED METEOROLOGY AND CLIMATOLOGY VOLUME 60
—8— UA —0— fsUA
—&— Model Error —e— JPL
L0F] (a) 101 (b)
At = 60 min At = 60 min
w 8 1 P = 850 hPa 8 P =500 hPa
E
a 61 6
>
wn
= 4 4
o

2_

90°S,60°S 60°S5,30°S 30°S5,30°N 30°N,60°N 60°N,90°N

90°5,60°S 60°S,30°S 30°S,30°N 30°N,60°N 60°N,90°N

10‘ (C)
At = 30 min

E 8 A P = 850 hPa
£
o 67
>
n
= 4
o

2_

At = 30 min
8 - P =500 hPa
6_
4 -

90°5,60°S 60°5,30°S 30°5,30°N 30°N,60°N 60°N,90°N

90°5,60°S 60°S5,30°S 30°S5,30°N 30°N,60°N 60°N,90°N

FIG. 2. Plots showing root-mean-square vector differences (RMVSDs) of AMVs vs latitudinal regions for 1-3 Jan
2006. The parameters are on the panels, where dt is the time step and P is the pressure level.

where V = (u, v). We also calculate the speed differences As:

As(l) = ‘/uz(l) + 1’2(1) - \/utruthz(i) + l)trulhz(i)' (13)

Finally, we will calculate the “forecast error,” which
incorporates both the reanalysis error (e,, €,) and the collo-
cation error (e, €,). This calculation is done by first gener-
ating (e,, €,) and (€4, €,) through Egs. (9)-(11), and then
collocating Vawe(Asu + €x, druin + €4), Which is in an irreg-
ular grid due to random error, into the regular Ax = 0.0625°
grld of (Atrulhs d)truth)v generating Vforecast()\lruths ‘btruth)' We use
nearest neighbor interpolation for the collocation. Finally
we calculate the RMSVD by computing 8(Viorecast) through
Eq. (12).

3. Results

We begin by looking at the spatial distribution of the errors
of both the UA and JPL algorithms, and then we discuss the
state variables, such as moisture, that underlie these errors.
We then conduct a quantitative analysis on how UA produces
an error distribution that is less biased, narrower, and more
symmetric about zero than the other algorithms.

Figure 1 shows the spatial distribution of the errors, with a
pronounced latitudinal anisotropy for JPL and fsUA, since
the error is larger in the polar regions. This polar error corre-
sponds to the dryness of the poles. The lower moisture leads
to less contrast, and therefore motion becomes more difficult
to detect (Posselt et al. 2019). In contrast, UA’s errors are not
only smaller, but more spatially even than for the other algo-
rithms. Figure 1 also shows that the reanalysis error does not
suffer from the polar error anisotropy. However, UA’s errors
are still smaller than the errors derived from reanalysis
differences.

Figure 2 quantifies the above spatial anisotropy of the error
for 1-3 January 2006, for both P = 850 hPa and P = 500 hPa.
This figure shows that the anisotropic error inherent to both
fsUA and JPL is considerably dampened by UA. In fact, UA’s
error over the tropics is ~2 m s~ and ~2-3 m s~ over the mid-
latitudes and poles. This error is considerably smaller than for
both fsUA and JPL, sometimes smaller by ~70 percent in the
poles. Another striking fact is that JPL and fSUA have very simi-
lar spatial error structures since their RMSVD plot lines run
almost parallel. This is likely because both algorithms lack
dynamical information and just limit themselves to pixel changes.
However, even if both algorithms have similar global RMSVDs,
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FIG. 3. Histograms showing the speed difference distribution for January 2006, Az = 60 min and P = 850 hPa for
(a) horizontal wind speed, (b) the magnitude of the moisture gradient, and (c) the angle between the moisture gradi-
ent and the horizontal velocity vector. (left) The two-stage UA algorithm (UA), (center) fsUA, and (right) the JPL
algorithm. The color palette for (c) is scaled by half from what is depicted in the color bar in order to increase the

contrast.

fsUA has the advantage of higher resolution, and we will explore
this advantage in section 4. The experiments for July are plotted
in Fig. S1 of the supplemental material, which confirm this distri-
bution of errors, giving very similar values to Fig. 2.

These spatial error structures are ultimately a function of
the underlying state variables, as shown in Fig. 3. Although
Fig. 3 refers to P = 850 hPa and dr = 60 min, it is representa-
tive of the other seven experiments (see supplemental mate-
rial). We already mentioned the moisture gradient, but
another two important state variables are horizontal wind
speed and angle between moisture gradient and horizontal
velocity. We mimic the approach of Posselt et al. (2019) by
calculating the speed differences using Eq. (13) between
tracked AMVs and ground truth velocity vectors, in order to
visualize the speed error bias. We also use cosine weights for
the histograms in a similar way to Eq. (12). In the case of the
moisture gradient, Fig. 3 confirms that speed difference

increases as the moisture gradient decreases. The error is also
a function of the angle between water vapor gradient and hor-
izontal velocity. Figure 3 shows that right angles generate the
largest speed differences. This relation is expected since winds
parallel to the water vapor isolines would leave the gradient
unchanged, which inhibits the ability of the feature tracking
to capture motion (Posselt et al. 2019). Another important
state variable is horizontal wind speed. Figure 3 shows that
fsUA and the JPL algorithms have a slow speed bias, since
the speed difference distribution is biased toward negative
values. This bias is corrected by UA, since the error distribu-
tion becomes narrower and more symmetric.

To understand quantitatively how the UA algorithm nar-
rows the distribution of error around lower speed differences
and also how it reduces the slow speed bias, we show some
summary statistics in Table 2. We calculated various statistical
quantities associated with speed difference for each of the four
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TABLE 2. Global miscellaneous statistics for speed difference
calculated for the dates of 1-3 Jan 2006, for the two-stage
University of Arizona algorithm (UA), the first stage variational
algorithm (fsUA), and the Jet Propulsion Laboratory algorithm
(JPL).
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TABLE 3. Quantile statistics for absolute speed difference
calculated for the dates of 1-3 Jan 2006. These statistics are only
for horizontal velocity vectors within right angles, or 90° = 1°
and 270° = 1° for the moisture gradient vector for UA, fsUA,
and JPL.

Standard Mean

Algorithm Skewness deviation (m s 1) (ms™ 1
At = 60 min, P = 850 hPa

JPL —2.60 3.15 —0.62

UA —1.13 1.29 —0.03

fsUA -3.64 2.77 -1.12
At = 60 min, P = 500 hPa

JPL —3.47 4.18 -0.53

UA -0.81 1.42 —-0.03

fsUA -3.59 3.79 -1.39
At = 30 min, P = 850 hPa

JPL -2.22 3.37 -0.87

UA -1.01 1.35 —0.04

fsUA —-3.09 2.86 -1.21
At = 30 min, P = 500 hPa

JPL -3.49 471 -0.94

UA —0.86 1.46 —0.04

fsUA —3.28 4.24 —1.64

experiments. We see that UA filters the noise of fsUA by
reducing the magnitude of both the mean and skewness. Fur-
thermore, this denoising means the error distribution becomes
more symmetric and narrower, and therefore less biased.

For example, the upper part of Table 2, which corresponds
to parameters At = 60 min and P = 850 hPa, shows that the
mean speed difference for UA is —0.03 m s~! while for fsUA
is —1.12 m s™', indicating that the speed difference distribu-
tion shifted to almost zero by the second stage. In contrast,
JPL has a slow speed difference mean of —0.62 m s~ '. The
larger slow speed bias of fsSUA to JPL is probably related to
the global nature of the fsSUA algorithm, since the variational
function is minimized globally and therefore it is influenced
by large-scale, slow motions as well. In contrast JPL’s algo-
rithm calculates AMVs through a local search box, so large-
scale motions do not influence it as much.

The standard deviation of fsUA’s distribution (2.77 m s~ 1)
is more than halved by UA (1.29 m s !), narrowing the distri-
bution around the ground truth. Finally, UA’s distribution is
more symmetric since its skewness is —1.13 which is ~56%
smaller than JPL’s (—2.60), making the distribution less aniso-
tropic toward slow values and therefore more symmetric and
less biased.

Finally, the behavior of the speed differences also shows
how UA denoises even the highest error regions in the distri-
bution. Table 3 lists the quantiles for the absolute speed differ-
ences for velocity vectors within 1° of right angle with the
moisture gradient (e.g., 90° = 1° and 270° + 1°). We choose
this region in error space since Fig. 3 indicates that the AMVs
significantly degrade for velocity vectors within that angle. For
example, the second part of Table 3 (1-3 January 2006, At =
60 min, P = 500 hPa) shows that the 95th quantile for JPL and
fsUA has absolute speed differences of >10 m s~', making
these AMVs almost useless for tracking or data assimilation. In

Algorithm 50% (m s 1) 68% (ms™ 1) 95% (ms™ 1)
At = 60 min, P = 850 hPa

JPL 1.08 178 7.56

UA 0.61 0.97 2.67

fsUA 0.86 1.49 7.34
At = 60 min, P = 500 hPa

JPL 1.39 2.36 10.63

UA 0.68 1.08 3.05

fsUA 1.04 2.01 12.48
At = 30 min, P = 850 hPa

JPL 1.36 2.18 8.34

UA 0.64 1.01 2.81

fsUA 0.96 1.66 7.63
At = 30 min, P = 500 hPa

JPL 1.70 2.83 12.82

UA 0.70 1.12 3.16

fsUA 1.25 2.41 14.03

contrast, even for the 95th quantile, UA’s speed difference is
~3m s L. In other words, Table 3 shows that UA can learn the
structure behind the largest errors of fsUA, correcting AMVs
that would not otherwise pass operational quality thresholds.
UA therefore increases the volume of passable AMVs.

4. Discussion

Not only does the UA algorithm offers a low global
RMSVD of ~2-3 m s ! and serves as a filter for both fsUA
and model data (due to reanalysis differences), but it has the
potential to output a comparatively large data yield of higher
resolution, since the volume of operational AMVs is con-
strained by lower-resolution output and quality control (San-
tek et al. 2019). For example, the approach used by the JPL
algorithm computes the sum of absolute differences within a
multipixel target box (in our case, with area of 44 X 44 pixels)
for every pixel, which effectively coarsens the resolution.

To compare the resolution of JPL and UA, we plot AMV
vectors from a select region in Fig. 4. The JPL vector field is
much more uniform than both the ground truth and UA vec-
tor fields, showing that JPL’s resolution is coarser than UA
and the ground truth. Figure 4 also shows qualitatively how
UA successfully filters the noise of Vigecast, leading to a field
similar to the ground truth vectors. Here, the noisy vector
fields simulate the inherent error of NWP fields, since NWP
fields are not equal to the ground truth (i.e., they are not
error-free). Finally, the JPL vector field has more discontinu-
ous horizontal gradients than either UA or fsSUA, which gen-
erate the jagged features seen in the wind speed histogram of
Fig. 3. This is probably related to the fact that JPL tracks only
specific features, which are discontinuous from each other,
whereas fSUA generates a global continuous field of AMVs
through a variational approach.
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is longitude, whereas the vertical axis is latitude.

The algorithm fsSUA also has a higher resolution than JPL.
This is because fsUA produces an AMV per pixel simulta-
neously through the calculation of a global minimum of the
function in Eq. (1), whereas JPL’s algorithm uses a local, mul-
tipixel target box to calculate feature displacement. Although
Fig. 2 shows that the average RMSVD of fsUA is very similar
to JPL’s RMSVD, JPL’s fields are much smoother and there-
fore do not capture pixel level structures. Therefore, fsUA
has the advantage of higher resolution over JPL.

Given the high resolution and low RMSVDs, UA betters
the odds that more AMVs could break through the opera-
tional quality thresholds, since not only AMV produces
AMYVs with higher resolution, outputting an AMV per pixel,
but also denoises the AMVs. In Fig. 2 the errors of ~8 m s
or higher in the north pole for fsUA and JPL make these
AMYVs almost useless. In fact operational, cloud-tracking
AMVs are more useful than ordinary feature tracking algo-
rithms when dealing with the poles, since they have a lower
error due to the availability of clouds. In contrast, for the
moisture tracking algorithms of JPL and fsUA, the dryness in
the poles adds less image contrast and therefore makes track-
ing more difficult.

However, the UA algorithm can decrease the errors in the
poles down to ~3 m s~ '; this implies that machine learning

can be used to compensate for the dryness of the poles. These
results hint that many AMVs that would be otherwise thrown
away through quality indicators may remain to be useful (e.g.,
for data assimilation in NWP). Furthermore, UA also per-
forms quite well in error-prone regions that cause other algo-
rithms to output unusable AMVs, such as in low moisture
gradients or where velocity is perpendicular to water vapor
gradients.

Because satellite infrared channels cannot penetrate clouds,
there would be more high-quality water vapor retrievals for
clear pixels in the upper troposphere (e.g., 300 hPa) than in
the middle (e.g., 500 hPa) or lower (e.g., 850 hPa) tropo-
sphere. Therefore, besides the moisture data at 850 and 500
hPa as used in Posselt et al. (2019) and above, we have also
tested the UA algorithm using the moisture data at 300 hPa.
In general, AMV retrievals in the upper troposphere are more
challenging since the moisture content is lower and the
wind speeds higher, making them prone to error. Figure 5
shows the RMSVDs for P = 300 hPa, At = 60 min, 1-3 July
2006. The overall AMVs of UA stay within a RMSVD of
~3 m s !, even when the error of both JPL and fsUA
exceeds 10 m s~'. This demonstrates the robustness of the
UA algorithm for AMV retrievals in the lower, middle,
and upper troposphere.



1680

JOURNAL OF APPLIED METEOROLOGY AND CLIMATOLOGY

VOLUME 60

14 - =1
~®— Model Error
A= 60 min —8— fsUA
P =300 hPa °
12 4 —— |PL
10 4
)
E
O 84
>
n
=
o
6 .
4 -
| '——_’.\'7 e PY
90°sfso~s 60°s,l30°s 30°5,30°N 30°N:60°N 60°N:90°N
Region

FIG. 5. Plot showing RMSVDs of AMVs vs latitudinal regions for 1-3 Jul 2006 for Az = 60 min, and P = 300 hPa.

The above results are based on moisture fields from a
nature run (i.e., without moisture retrieval uncertainties). In
operational settings, the retrieved moisture fields from satel-
lite remote sensing have inherent noise. To test the sensitivity
of our algorithm to this source of error, we retrieve moisture
fields from simulated radiances that assume the Cubesat
Infrared Atmospheric Sounder (CIRAS) instrument as a
source (Pagano et al. 2016). To derive the noisy moisture
fields from the radiances, we use a linear regression model
that fitted the principal components from the hyperspectral
radiances to known observations. In contrast to the nature
run, the IR-derived moisture fields are vertically smoothed,
since individual IR wavelengths are emitted from extended
water vapor layers, which adds error in height assignment. In
Fig. 6 we depict the AMV error maps for these radiance
derived moisture fields, calculated for 1700 UTC 4 November
2009, At = 15 min, and P = 800 hPa. UA’s RMSVD in this
case is 2.68 m s~ !, which is smaller than the forecast error of
492 m s (primarily due to reanalysis differences) and is
much smaller than that for fsSUA (9.84 m s™'). The region is a
patch within borders 150°-100°W and 0°-20°N.

An important point of infrared retrievals such as the ones
from CIRAS alone is that clouds affect yield by lowering the
number of tractable features, and also by adding error to the
AMVs. Assuming 50%—70% of cloud cover as fiducial values,
we should expect a yield of about 50%-30%. Furthermore,
according to Posselt et al. (2019), the RMSVD added by cloud
cover to IR retrieved AMVs is about 1.1 m s~ '. This yield and
error act as an upper bound for the cloud cover effects in UA
when applied to infrared sounding alone, since we expect the

random forest algorithm to correct some of the systematic
errors brought by cloud cover.

Another possible source of error is the variability inherent
to the random sampling of training data. We conducted an
ensemble of training experiments that randomly sampled 5%
of (I, Vnwp) for training the UA algorithm. We found a stan-
dard deviation of less than 0.2 m s~ ! in the global RMSVD,
implying that the algorithm is robust to the random sampling.

Another possible source of noise is that that satellite mois-
ture fields have coarser vertical resolution than the model
fields used in this present study, since the former has a ~1.5-
km vertical resolution. However, Posselt et al. (2019) found
that the vertical resolution does not have a significant effect
on the errors of retrieved moisture-tracked AMVs.

Beyond noise, another important source of error is overfit-
ting. Overfitting is defined here when the UA algorithm uses
only information from NWP fields rather than also capturing
a signal for fsUA fields derived from feature tracking. Overfit-
ted AMVs are therefore too similar to the NWP fields. To
prevent this problem, we seeded noise into the latitude and
longitude coordinates, creating an effective collocation error,
so that UA does not overfit the AMYV locations. Instead, the
UA algorithm is forced to use the information of the first-
stage AMVs, since the signal within the coordinates is
reduced. To test whether the collocation error safeguards
against overfitting, we ran the complete UA algorithm which
includes the first step (UA) and also ran the UA algorithm
without fsUA (UA-nofs). We then varied the collocation
error in the latitude and longitude coordinates. Table 4 lists
some of the results. For the case where the collocation error is
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zero in both latitude and longitude, UA overfits, since the
RMSVD of 1.7 m s~ ! is basically the same for UA-nofs. This
implies that UA with zero collocation error is producing
AMVs that are too similar to NWP velocity fields, without
capturing the fSUA signal. Once we add collocation error,
UA-nofs fares much worse than the complete UA algorithm,
even for the collocation errors in the lower end (e.g., o) =
0.50°), implying that UA is forced to capture information
from fsUA since the coordinates are not as informative
anymore. The collocation error therefore forces UA to use

TABLE 4. Sensitivity tests where the collocation error (o, o)
is varied. The upper part of the table shows the RMSVDs for
UA using the full two-stage algorithm. The middle part of the
table is the same as the upper part, but it does not use fsUA
values as features. The lower part of the table is benchmark
values shown for comparison, which include the RMSVDs for
JPL, fsUA and the reanalysis error [calculated from Eq. (11)].
Values were computed for 0000 UTC 1 Jan 2006, At = 60 min,
and P = 850 hPa.

oy (°) oy (°) RMSVD (ms™!)
UA with fsUA

0 0 1.71

0.50 0.50 1.83

0.30 1.00 1.94

0.15 1.50 2.07

UA without fsSUA

0 0 1.73

0.50 0.50 271

0.30 1.00 3.48

0.15 1.50 4.23

Benchmarks
Algorithm RMSVD (m s~ ')

JPL 3.88
Reanalysis 2.99
fsUA 3.77

information from fsUA AMYVs, guaranteeing that not all
information comes from NWP fields. Given that UA
extracts a signal from fSUA in addition to the NWP fields,
then the algorithm does not overfit. These results suggest
that UA is essentially filtering the inherent errors of NWP,
implying that the algorithm may work regardless of the
NWP model choice (e.g., U.S.-based models or European
ones), since the fsUA stage gives information that should
aid in filtering model-specific errors.

The structure of the error distribution also raises some
questions about overfitting. In this study, we derived an error
distribution, under the assumption of an available ground
truth V. In an operational setting, we would not calculate
the error € = Vawp — Vi, since we will use the NWP field
itself, e.g., Vawp = Vuun T €, rather than constructing an
artificial Vywp from Vi, (from the nature run) and e (pri-
marily from the reanalysis differences) as we did in this study.
One concern is that UA could overfit Vywp, generating
AMVs that are too similar to NWP wind fields. As mentioned
earlier, the key to prevent overfitting are the o, and oy
parameters. Increasing o, and oy is a way to attenuate the
information carried in the coordinates, and therefore increase
the weight of the first stage AMVs, balancing the NWP signal
with the fsUA signal. Therefore, future research on the opera-
tional application of the UA algorithm should explore the
parameters o, and o .

Another concern that UA must address is the related to
statistical learning and nonlinear dynamics. The humidity
fields are a function of nonlinear fluid dynamical equations
that govern atmospheric motion. The naive ML approach
of learning a universal function for the correction of fsUA
fields may require processing an impossibly high volume of
data. To side-step this data bottleneck problem, we choose
to “retrain” the algorithm for every time step using NWP
short-range forecast fields. Instead of fitting a universal
error function, our model is recalibrated for every time
step.
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In this study, reanalysis differences are used to generate the
error structure. For operational use, the use of short-term
(e.g., ~6 h) forecast fields (with assimilation of data available
from earlier period) is more adequate than using reanalysis
fields. Even if the short-term forecast fields are not the same
as the reanalysis fields, their broad error structures should be
similar, since for both cases, regions dense with sounding data
should have less error than observation-sparse regions like
the oceans. Our derived AMVs can then be used for data
assimilation in NWP models for the current period, and the
short-range forecasts with these data assimilations will then
be used to help our AMYV retrieval at the next time period.

5. Conclusions

Following Posselt et al.’s (2019) finding that traditional
algorithms underperform when images do not capture enough
dynamical information, such as in low moisture gradients, we
developed a novel, two-stage Al algorithm for calculating
AMVs that extracts dynamical information from NWP short-
range forecast fields (mimicked by using nature run “ground
truth” plus error structures as a function of reanalysis differ-
ences), which we refer to as the UA algorithm.

We also compared this algorithm with a traditional, feature
tracking algorithm (JPL). The UA algorithm performs very
well, producing AMVs with RMSVDs of ~2 m s~ ! in the
tropics and ~2-3 m s~ ! for the midlatitudes and poles. In con-
trast, the JPL algorithm yields higher RMSVDs of ~3 m s~
for the tropics and up to ~9 m s™! for the midlatitudes and
poles. Furthermore, UA produces one AMV per pixel,
whereas JPL’s AMVs are smoothed by a target box matching
algorithm. The value of the UA algorithm is further enhanced
by its smaller errors than the NWP errors (due to reanalysis
differences and collocation errors).

The first stage fSUA is a feature-tracking algorithm that
detects the motion of features by processing changes in pixel
values. In particular, we use variational method, which
assumes that each “pixel particle” conserves its value and gra-
dient. We show in this study that fsUA has a higher resolution
than JPL, since the former produces an AMV per pixel,
whereas the latter produces smoothed fields. Although both
have similar global RMSVDs, fsUA can capture finer struc-
ture. Therefore, fsSUA could be more effective than more tra-
ditional algorithms when dealing with high-resolution features.

In the second stage, an RF algorithm extracts information
from NWP fields in order to correct the first stage values.
Since the NWP model follows the primitive equations of the
atmosphere, the algorithm can extract physical signals from
the NWP fields and use it to correct the “dynamics blind”
algorithm of the first step. We approximated the error distri-
bution of the NWP fields using reanalysis differences plus col-
location errors, since the true forecast error of the velocity
fields is unknown.

The UA algorithm is robust to error-prone regions such
as low moisture gradients or velocity fields perpendicular
to water vapor gradients. The physics blindness of tracking
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algorithms such as JPL’s algorithm makes them underper-
form when there is insufficient contrast in the images to
capture motion. In contrast, UA extracts physical structure
that can ameliorate the image’s lack of signal, outputting
better quality AMVs than physics-blind algorithms like
JPL.

UA is advantageous beyond its low RMSVD and its
robustness to error-prone regions. For example, for oper-
ational products, sometimes more than ~50% of the
cloud-tracking AMVs can be removed due to large errors
(Santek et al. 2019). However, the UA algorithm can
potentially lead to large yields by ensuring more AMVs
stay within a certain quality threshold. Furthermore, the
fact that UA outputs high resolution fields at each pixel
(rather than lower resolution fields through some spatial
smoothing, as in JPL) would also potentially increase the
volume of AMVs passing quality thresholds. Finally the
UA algorithm might aid in the assimilation of more mois-
ture-tracking AMVs, since most AMVs assimilated in
operational settings are cloud tracking.

Although for this study we are using moisture fields
derived from models, UA is developed for moisture fields
retrieved from hyperspectral instruments. Existing hyper-
spectral moisture fields are retrieved through a radiative
transfer model that uses a least squares residual minimiza-
tion (Gambacorta et al. 2012). One issue is that this method
creates error correlations between the retrieved moisture
fields and forecast fields, since the forward model requires
model moisture fields as guesses. Furthermore, real satellite
images would likely increase the noise. Finally, clouds can
corrupt retrieved moisture fields, so they pose a challenge to
the AMYV algorithms.

Given the potential issues arising from retrieved mois-
ture fields, for future work, we will apply the UA algorithm
to actual satellite measurements. The current results act as
a lower bound of the error, since simulation data were
used to calculate the AMVs. Future tests should collocate
the UA output with other observations (e.g., radiosonde
and Aecolus lidar measurements) to test the assumptions
behind the error approximation. Using NWP fields for
training data may also produce biases in the AMVs, since
the NWP fields themselves suffer from systematic errors.
For future work, we will compare the UA AMVs with
unbiased sources such as radiosondes to find, and hopefully
correct, biases. We are currently working in deriving
hyperspectral AMVs from the swath overlap of JPSS-7 and
Suomi-NPP, which are satellites separated by a 50-min
interval. The use of authentic infrared retrievals will also
make it possible to test the effects of cloud cover as well.
Given that these satellites use infrared sounders, our
results act as an upper bound, since we expect clouds to
deteriorate the quality and yield of AMVs, as discussed in
Posselt et al. (2019).

Note that clear-sky hyperspectral radiances at different
times can be assimilated by 4D-Var to derive wind fields
(e.g., in the ERA-5 reanalysis). Here we show the UA
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algorithm yields smaller errors than the NWP errors (due to
reanalysis differences and collocation errors). For the
future, we will also compare our retrieved AMVs from
actual satellite hyperspectral measurements versus those
from 4D-Var (e.g., ERA-5) against radiosonde and drop-
sonde measurements.
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6-hourly-by-pressure-level/. Finally, the GEOS-5 nature run data-
sets are located at https://gmao.gsfc.nasa.gov/global mesoscale/
7km-G5NR/.
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