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ABSTRACT

Cold-air outbreaks over high latitude oceans typically include mixed-phase clouds and precipitation, in particular liquid clouds that support
snow and graupel through ice growth processes. The partitioning of the total water into the liquid and ice phases impacts both weather
and climate prediction, but accurate measurements on the phase partitioning remain difficult to acquire, especially near-real-time. Here we
present a neural network approach to retrieve liquid water path (LWP) using passive microwave measurements combined with vertically-
integrated radar reflectivities. The approach is an extension of Cadeddu et al. (2009), with the novel addition of radar reflectivity. The
neural network is trained using the Passive and Active Microwave radiative TRAnsfer (PAMTRA) code applied to output from numerical
simulations of three independent cold-air outbreaks sampled during the Cold-Air Outbreaks in the Marine Boundary Layer Experiment
(COMBLE) campaign. Brightness temperatures corresponding to the four sidebands of an upward-looking G-band (183 GHz) Vapor
Radiometer, along with the vertically-integrated reflectivity from a zenith-pointing 95 GHz Wyoming Cloud Radar, are simulated from the
perspective of a near-surface aircraft track. The radar reflectivity helps discriminate the snow contribution to the brightness temperatures.
The neural network regression is thereafter tested on a simulation of an independent cold-air outbreak during COMBLE, and against
measurements from the US Department of Energy Atmospheric Radiation Measurement North Slope of Alaska observatory. This neural
network approach is shown to provide robust, computationally-efficient, near-real-time measurements of LWP and water vapor path during
the Cold Air Outbreak Experiment in the Sub-Arctic Region (CAESAR) campaign in February-April 2024.

Significance statement. Heavy precipitation from
mixed-phase clouds over the high-latitude open waters im-
pacts shipping, fishing and coastal communities. Mixed-
phase clouds are also a modeling challenge, inhibiting
weather and climate prediction skill. More comprehen-
sive measurements of the cloud liquid and ice occupying
the same vertical column improve our understanding and
ability to represent this challenging cloud type. Here we
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propose a new retrieval to distinguish the liquid water path
within air columns that also contain ice.

1. Introduction

Cold-air outbreak (CAO) clouds in the Arctic are com-
monly mixed-phase (MP); however, the partitioning of the
amount of ice and water in CAO clouds and precipitation
is not always well observed. The process understanding of
how cloud phases partition as a function of cloud lifecycle
is important for the prediction of snowfall rates, convective
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lifecycle, and intensity at weather timescales. The parti-
tioning into liquid versus ice also has radiative impacts
that are consequential for climate (Bodas-Salcedo et al.
2016a), with quiescent, liquid-containing, higher-albedo
MP clouds able to possess a long lifetime despite being
microphysically unstable (Zuidema et al. 2005b; Morri-
son et al. 2012), and warming the surface more effectively
than ice clouds through longwave radiation (Korolev et al.
2017). Currently, overactive secondary ice production
processes in global models deplete liquid in high-latitude
clouds too readily (Bodas-Salcedo et al. 2016b) while si-
multaneously predicting too few ice-nucleating particles
(McCluskey et al. 2023).

A better understanding of the relevant microphysical
processes in Arctic MP CAOs requires accurate and rep-
resentative measurements of the liquid water path (LWP),
as part of a larger suite of measurements of microphysics,
kinematics, and thermodynamics. Perhaps surprisingly,
such measurements are not readily available. Spaced-
based microwave satellite retrievals are stymied by large
footprints that average over cloud inhomogeneities (Bre-
men et al. 2002) and can include surface contributions
from sea ice (Zuidema and Joyce 2008), while retrievals
based on visible imagery are uncertain because of solar
zenith biases and three-dimensional radiative transfer ef-
fects (Khanal et al. 2020). Surface-based remote sensing
assessments provide finer horizontal detail (Mages et al.
2023; Lackner et al. 2024) but may not capture the cloud
evolution as comprehensively as an aircraft characteriza-
tion (Abel et al. 2017; Seethala et al. 2024). In-situ mea-
surements of total and liquid water content are useful but
typically confined to spatial scales of ∼100 m (Korolev
et al. 1998).

Within this suite of measurement strategies, airborne
passive microwave measurements provide another path for-
ward (McGrath and Hewison 2001). A recent spate of field
campaigns has focused on high-latitude CAOs, both over
the Southern Ocean, and north of Scandinavia, including
the US Department of Energy (DOE) Cold-Air Outbreaks
in the Marine Boundary Layer Experiment (COMBLE)
Mobile Facility deployment in Andenes, Norway (Geerts
et al. 2022). The US National Science Foundation further
supported the Cold Air outbreak Experiment in the Sub-
Arctic Region (CAESAR) aircraft campaign, based out of
Kiruna, Sweden in spring of 2024, aboard the NSF NCAR
C-130. A particular strength of the CAESAR campaign is
a strong synergistic instrument suite of both in-situ and re-
mote sensors. Within the CAESAR instrumentation suite,
we focus on an upward-pointing G-band Vapor Radiometer
(GVR), a passive microwave radiometer using frequencies
near the 183.3 GHz water vapor absorption band, and a 95
GHz Wyoming Cloud Radar (WCR).

The GVR measurements are optimal for dry atmo-
spheres, where the sensitivity to small changes in vapor

and liquid is high. Surface-based passive microwave mea-
surements near 183 GHz have been applied to Arctic MP
clouds over Alaska (Cadeddu et al. 2009), and from air-
craft to subtropical marine clouds (Zuidema et al. 2012).
When further extended to convective Arctic MP clouds, the
potential presence of snow, at sizes capable of scattering
microwave radiation emitted from the surface back down-
wards towards the GVR, is an additional challenge. This
motivates the use of vertically-integrated 95 GHz (W-band)
radar reflectivities for identifying the larger ice particles.

To design the machine learning retrieval, the Passive and
Active Microwave radiative TRAnsfer (PAMTRA) model
(Mech et al. 2020) is applied to model representations
of CAO clouds sampled during the COMBLE campaign
period (Juliano et al. 2024). Limited-area-model (LAM)
simulations use 1 km horizontal grid cell spacing, while a
large-eddy-scale (LES) simulation is performed at 150 m
horizontal grid cell spacing (𝑑𝑥). These simulations con-
stitute the training and test datasets, respectively. Both sets
of simulations use similar microphysical schemes. During
CAESAR, we were able to validate the retrieved LWPs and
WVPs with data from the in-situ microphysical probes.
Additional testing uses GVR and Ka-band ARM Zenith
Radar (KAZR) data during CAO conditions at the DOE
Atmospheric Radiation Measurement (ARM) North Slope
Alaska (NSA) site as input into the new retrieval, with the
results compared to other available operational retrievals
in Appendix A1.

2. Data and Methods

The two main retrieval methods are physical and statisti-
cal. One popular physical retrieval is an optimal estimation
method, in which a priori data provide the first guess, and
a forward model is used to perform gradient descent until
converging on a complete atmospheric state (Maahn et al.
2020). The approach provides a quantified error character-
ization based on Bayes theorem (Maahn et al. 2020). Opti-
mal estimation approaches are computationally expensive,
prohibiting calculation of near-real-time LWP and water
vapor path (WVP) estimates.

An optimal estimation approach depends on a signifi-
cant a priori dataset of representative soundings, poten-
tially drawn from model data. ERA5 reanalysis data have
been used to develop WVP and LWP retrievals for other
Arctic campaigns (e.g., Walbröl et al. 2022), but ERA5’s
𝑑𝑥 = ∼31 km is not fully adequate for resolving CAO con-
vective cells. Radiosondes are routinely launched from
Jan Mayen and Bjornoya islands in the Norwegian Sea, but
their data sampling of CAO conditions remains limited.
Statistical retrievals, which can also be developed from
radiosonde databases, rely on a previously-developed em-
pirical relationship between the measurement and desired
atmospheric variable. Statistical retrievals can use both
linear and nonlinear regressions, or empirical orthogonal
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functions. While computationally efficient, most statisti-
cal retrievals struggle to accurately represent complex re-
lationships between variables (Maahn et al. 2020), and are
strongly influenced by the initial developmental dataset.
In addition, most statistical retrievals do not rigorously
account for error propagation.

A statistical retrieval method that solves most of those
shortcomings is machine learning. Machine learning has
the advantage that complex nonlinear relationships be-
tween variables can be understood. In one example,
Cadeddu et al. (2009) trained a neural network using GVR
measurements and radiosonde data at the DOE ARM NSA
site. This algorithm worked comparably well (or better)
than other retrieval techniques in use at the same site.
A drawback preventing its application to the CAESAR
dataset is that none of the retrievals account for scattering
by snow, and can only be applied to the same conditions
the surface-based retrievals were developed for.

In this study, we build upon Cadeddu et al. (2009)
by adding vertically-integrated 95 GHz radar reflectivities
provided by the Wyoming Cloud Radar (WCR; version 4)
as an additional input to articulate the influence of large
particle scattering upon the LWP retrieval. The scatter-
ing is primarily due to snow for Arctic CAOs. The radar
reflectivity is extremely sensitive to snowfall through its
dependence on the sixth power of the particle size, and
this can inform on the snow’s contribution to the GVR
brightness temperatures (𝑇𝑏), as opposed to cloud liquid
and water vapor alone. In addition, we provide robust
error estimation for each individual retrieval value, by as-
sessing the propagation of different error sources into the
retrieval. While this retrieval is developed for pragmatic
near-real-time application during the CAESAR campaign,
the methods can be adapted for other applications as long
as a representative model training data is available.

a. Instruments

The GVR measures sky radiances in four sidebands sur-
rounding the 183.33 GHz water vapor absorption band:
±1 GHz, ±3 GHz, ±7 GHz, and ±14 GHz. The instru-
ment is calibrated using a warm target whose temperature
fluctuates around 15◦C and a hot load kept near 60◦C.
The measurement error will increase with distance from
the calibration temperatures and their difference, impact-
ing the cold ±14 GHz 𝑇𝑏 measurement the most. The ±1
GHz sideband is 30 times more sensitive to WVP than
the 𝑇𝑏 measured at 23.8 GHz by the more commonly used
two-channel microwave radiometer (MWR) at WVP < 2.5
kg m−2 (Cadeddu et al. 2009). The ±7 GHz and ±14 GHz
wing channels are 2-3.5 times more sensitive to LWP than
the 31.4 GHz channel of a conventional MWR (Cadeddu
et al. 2009; Zuidema et al. 2012). In more moist conditions,
the channels nearest to the absorption band begin to satu-
rate; however, the furthest wing channels retain sensitivity

to moisture and cloud water for WVPs below 20 kg m−2.
We expect the thermodynamic conditions characterizing
the wintertime CAOs over the Norwegian Sea to support
useful LWP retrievals. The high 𝑇𝑏 sensitivities to small
amounts of integrated liquid and vapor make the GVR an
ideal instrument for observing LWP and WVP in a cold,
relatively dry environment supporting super-cooled liquid.

The airborne GVR, documented in Pazmany (2007), was
first developed for use on the University of Wyoming King
Air research aircraft (Wang et al. 2012), modified from a
surface-based design built for northern Alaska (Cadeddu
et al. 2009). The airborne GVR was subsequently leased
from the manufacturer ProSensing for fieldwork in the
southeast Pacific held in 2008 (Zuidema et al. 2012). The
next deployment of the GVR was for the CAESAR cam-
paign. The GVR was examined and calibrated prior to the
deployment at the manufacturer, and outfitted with a new
data computer. The GVR was also brought to the ARM
SGP site in October-November 2023, where its measured
𝑇𝑏 could be compared with that calculated from nearby
radiosondes. This is discussed in Section 3. During the
CAESAR deployment, oscillations occurred in the GVR
𝑇𝑏 with a period of ∼30-60 seconds and amplitudes that
occasionally exceeded 10 K. These were associated with
the internal warm load heater turning on. For most below-
cloud legs during CAESAR, the heater was turned off to
eliminate the oscillations. However, many of the above
cloud WVP retrievals have oscillations of ∼250-500 g m−2

because of the heater-induced 𝑇𝑏 oscillations.
The WCR-4 (University of Wyoming - Flight Center

1995) has three directional antennas, of which we use only
the upward-pointing single-polarization beam. The un-
certainty in the absolute calibration of reflectivity is ap-
proximately 2.5 dB. The aircraft motion contribution into
the beam is removed from the Doppler velocities to pro-
duce hydrometeor radial velocity. When flying straight
and level, this is primarily the vertical velocity of hydrom-
eteors, which consists of particle terminal velocity and
vertical air motion.

The cloud temperature is also used in the retrieval, as
the liquid water absorption coefficients vary with temper-
ature. The cloud base temperature is estimated from the
lifting condensation level calculated from the in situ am-
bient pressure, temperature, and dew point at flight level,
serving as a proxy for the cloud temperature.

The LWP retrieval was compared to vertically-integrated
in-situ liquid water contents (LWCs) derived from a King
probe and in-situ cloud droplet size distributions spanning
3 to 50 𝜇m in diameter from the inboard Cloud Droplet
Probe (CDP) (Lance 2012). These were gathered during
spiral profiles. The WVP retrieval was validated using
the Buck hygrometer. These comparisons are explained
further in Section 6.
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b. LES and LAM Simulations of CAOs

The retrieval is trained on numerical simulations using
the Weather Research and Forecasting (WRF) model (Ska-
marock and Klemp 2008; Skamarock et al. 2019). We use
LAM simulations of three different CAOs sampled during
the COMBLE campaign: 28 March 2020, 10 April 2020,
and 26 April 2020. The LAM is configured using a nested,
two domain setup (one-way feedback), with the outer and
inner domains resolved with 𝑑𝑥 = 3 km and 𝑑𝑥 = 1 km,
respectively. For this study, we use outputs from only
the 1-km domain (light blue box in Fig. 1). The Mellor-
Yamada-Nakanishi-Niino eddy-diffusivity/mass-flux plan-
etary boundary layer (PBL) parameterization (Olson et al.
2019) is activated for the 28 March case, while the Yonsei
University (YSU) PBL parameterization (Hong et al. 2006)
is activated for the other two cases. The use of different
PBL schemes yields a broader training dataset. In addi-
tion, the LAM simulation uses the Thompson-Eidhammer
aerosol-aware microphysics parameterization (Thompson
and Eidhammer 2014). This scheme can represent cloud
condensation nuclei and ice nucleating particles prognos-
tically (including precipitation scavenging). Recent ad-
vancements to the WRF model, as detailed by Juliano et al.
(2022), enable the incorporation of time-varying aerosol
fields from the GEOS-5 model. Additional details about
the LAM configuration, including the physics parameteri-
zations, may be found in Juliano et al. (2024).

To test the retrieval, we use model outputs from a sep-
arate WRF simulation of a 13 March 2020 CAO. This
simulation consisted of a mesoscale domain (𝑑𝑥 = 1050 m)
coupled online (one-way feedback) to a very large LES
domain, which resolved the Fram Strait at 𝑑𝑥 = 150 m
(dark blue box in Fig. 1). The LES domain contained
(3780,8400) grid cells in the (x,y) direction, thus span-
ning (567,1260) km in the (x,y) direction. First, the
mesoscale domain was integrated from 12 to 22 UTC
on 12 March, at which point the LES domain was ac-
tivated, and the two domains integrated simultaneously
while coupled online until 00 UTC on 14 March. The
mesoscale domain uses the YSU PBL scheme and the
LES domain uses the three-dimensional, turbulence kinetic
energy-based subgrid-scale scheme of Deardorff (1980).
For both domains, the vertical grid structure and other
physics options, including the microphysics scheme, are
identical to those settings for the LAM simulations.

Our four selected cases span a range of CAO conditions
during COMBLE. For example, 26 April (closed cellu-
lar convection at the main COMBLE site) was one of the
weaker cases observed during COMBLE and 10 April was
a moderately strong CAO case (open cellular convection)
(Lackner et al. 2024). Meanwhile, the 13 March (Fig. 1)
and 28 March events were the two strongest observed dur-
ing the COMBLE campaign, with large open cells (Lackner
et al. 2024) and cloud top heights on 13 March reaching 3-5

km (not shown). These events were realistically depicted
by the LAM simulations (Juliano et al. 2024). Underscor-
ing the need to account for the snow’s impact on the 𝑇𝑏,
the snow water path (SWP) within a region of open celled
convection (small red box in Fig. 1, spanning 15 km by 15
km) dominates the total water path (Fig. A2b).

Fig. 1. NOAA-20 VIIRS infrared satellite image of a representative
CAO cloud field at ∼12 UTC during the 13 March 2020 case. The LES
and LAM domains used in this analysis are shown in the light blue and
dark blue boxes, respectively. The red box at 70◦N, 15◦E is detailed
further in Fig. 2 and in Appendix A2.

c. PAMTRA

We use PAMTRA to calculate 𝑇𝑏 and vertically-
integrated radar reflectivities from the LES and LAM sim-
ulation outputs. PAMTRA is a forward radiative transfer
model capable of simulating both active and passive mi-
crowave measurements (Mech et al. 2020) that has also
been applied to data from other Arctic campaigns (e.g.,
Walbröl et al. 2024).

Figure 2 shows the output 𝑇𝑏 at 183.3 ± 14 GHz and
vertically-integrated 95 GHz reflectivities calculated by
PAMTRA for the open-celled convection test section in
Figure 1 after including all hydrometeors and water vapor,
while Figure A2 indicates the contributions to 𝑇𝑏 and re-
flectivity from the individual hydrometeors. Figures 2 and
A2 are from only one snapshot of the LES simulation, but
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represent the full simulation based on inspection of many
such snapshots. Of the six hydrometeors considered (LWP,
SWP, ice (IWP), graupel (GWP) and WVP), the LWP has
the strongest influence on𝑇𝑏 (Fig. A2ai). Nevertheless, the
𝑇𝑏 contribution from snow is also substantial (Fig. A2bi)
and that from graupel (Fig. A2di) cannot be neglected. The
contributions to radar reflectivity are dominated by snow
(Fig. A2bii) and graupel (Fig. A2dii). Rain is infrequently
present in CAOs over the Norwegian Sea during the late
winter/early spring, and ice crystals contribute negligibly
to both the 𝑇𝑏 and radar reflectivities (Figs. A2ci,cii).

From Figure A2, we can infer that the microphysical
representation of the snow is important to both the 𝑇𝑏
and radar reflectivity. The user interface of PAMTRA al-
lows for a variety of microphysical schemes, and supports
a fine-tuning towards the anticipated microphysics. Ad-
justable parameters include the axial ratio (AR; the ratio of
the major and minor axes of a hydrometeor), the area-size
and mass-size relationships for frozen, non-spherical hy-
drometeors, and gamma distribution descriptions of all the
particle size distributions, using a shape parameter 𝜇 to es-
tablish the distribution widths. The relationship between
a hydrometeor’s diameter, 𝐷, and mass, 𝑀 , is defined
through a power law with a prefactor, 𝑎, and power, 𝑏, as
𝑀 = 𝑎𝐷𝑏. The value of 𝑏 will vary between 2 (for a thin
circular plate) to 3 (for a perfectly spherical hydrometeor).
Similarly, the projected surface area, 𝐴, relates to 𝐷 as
𝐴 = 𝛼𝐷𝛽 . The microphysical parameters chosen for the
hydrometeor species most impactful for the LWP retrieval
are summarized in Table 1. The 𝑇𝑏 from the liquid water
is not impacted by the size distribution of cloud droplets
as long as the radiative transfer falls within the Rayleigh
regime. This is satisfied as long as the drop sizes remain
smaller than 1.5 mm, given that the GVR wavelength is at
183.3 GHz. The radar reflectivity is nevertheless affected
weakly by the shape parameter, 𝜇. We use a 𝜇 = 9.6 for
cloud droplets based on Miles et al. (2000).

PAMTRA uses the self-similar Rayleigh-Gans approxi-
mation for simulating frozen hydrometeors. For snow and
graupel, the largest uncertainty in simulated 𝑇𝑏 and reflec-
tivity is from the choice of the mass-size parameters, 𝑎
and 𝑏. The mass-size and area-size relationships are both
highly dependent on the amount of riming, which varies
significantly spatially and temporally. As a particle’s rime
fraction increases, it becomes more spherical and more
dense. Using this knowledge, Mason et al. (2018) devel-
oped a line of best fit from past research campaigns of
𝑎 versus 𝑏 and 𝛼 versus 𝛽 along a continuum of density
factors (𝜌) stretching from 𝜌 = 0 for unrimed aggregates
measured in cirrus clouds (Brown and Francis 1995), to
𝜌 = 1 for spheres of solid ice. A snow density factor of
𝜌 = 0.2 and a graupel density factor of 𝜌 = 0.7 are used
to calculate 𝑎, 𝑏, 𝛼, and 𝛽 using Mason et al. (2018). In
addition, the AR value depends on the specific dominant

AR 𝑎 𝑏 𝛼 𝛽 𝜇

Cloud Droplet 1 n/a n/a n/a n/a 9.6
Snow 0.6 0.0908 2.12 0.0878 1.774 -1

Graupel 1 14.01 2.67 n/a n/a 5

Table 1. Microphysical parameters used for the different hydrom-
eteors simulated in PAMTRA: The axial ratio (AR), mass-size relation
variables (𝑎 and 𝑏), area-size relation variables (𝛼 and 𝛽), and the shape
parameter (𝜇).

snow morphology. We specify an AR = 0.6 for snow fol-
lowing Mason et al. (2019) and note that the reflectivity is
not sensitive to AR variations near that value (Mason et al.
2019).

The final important microphysical choice is the shape
parameter, 𝜇, for snow and graupel. Mason et al. (2018),
using a triple radar retrieval of snow-containing clouds
in Finland, document 𝜇 = -1 for snow (in agreement with
Brandes et al. 2007), and 𝜇 = 5 for graupel. Values of 𝜇 > 0
generate a distribution that is broader than an exponential
distribution, while a distribution with 𝜇 < 0 is narrower
than an exponential distribution. Higher 𝜇 values increase
the number concentration of large hydrometeors relative to
small ones, which especially affects radar reflectivity.

Graupel is represented using a single moment in the
LES/LAM simulations. We set the effective radius to 0.7
mm. This value falls on a plateau region in the dBZ versus
effective radius relation (Sieron et al. 2017), and a small
change in the effective radius choice doesn’t noticeably
impact the calculated reflectivity.

Fig. 2. PAMTRA-simulated (a) 183.3±14 GHz𝑇𝑏 and (b) vertically-
integrated 95 GHz reflectivities (𝑑𝐵𝑍) from all hydrometeors within the
open-celled test section (red box in Fig. 1).

d. Data Preprocessing

The sampling of every gridpoint from the LES and/or
LAM models is not practical due to the runtime constraint
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on PAMTRA. Cloud liquid and snow are the primary
heterogeneously-distributed variables influencing 𝑇𝑏 and
reflectivity. Therefore, we apply a weighted random selec-
tion method to the training/test points over the ocean, such
that their two-dimensional histogram (LWP x SWP) span
the full range of anticipated conditions. This also increases
the range of WVPs sampled while reducing the sampling
of clear-sky points, and optimizes sampling of a variety of
conditions. Testing/training points vary both horizontally
across the model domain and vertically from 0 to 5000 m.
This sampling method is applied to both the LAM and LES
model output. There are approximately 600,000 training
points and 100,000 testing points.

1) Radar Integration

The four radiometer measurements are sensitive to
the full atmospheric column with the presence of snow
introducing uncertainty within the LWP and WVP re-
trievals. In keeping with this low-dimensionality, the
radar reflectivities are vertically-integrated, producing a
single value at each spatial gridpoint, using 𝑑𝐵𝑍 = 10 ∗
𝑙𝑜𝑔10

∫ 𝑧𝑖=𝑇𝑂𝐴

𝑧𝑖=𝐹𝐿
𝑍𝑒,𝑖 𝑑𝑧, where 𝑍𝑒,𝑖 = 10 1

10 𝑑𝐵𝑍𝑖 . Any final
integrated reflectivity less than -20 dBZ was set to -20
dBZ.

2) Cloud Temperature Weighting

Cloud temperature impacts the retrieved 𝑇𝑏 through the
strong temperature dependence of the liquid dielectric con-
stant: colder clouds emit more at microwave frequencies
than do warmer clouds (Westwater et al. 2001; Zuidema
et al. 2005a). We follow Turner et al. (2007) and normal-
ize the simulated 𝑇𝑏 using the lifting condensation level
(LCL) temperature as a proxy for the cloud temperature,
through 𝑇𝑏,𝑛𝑜𝑟𝑚𝑎𝑙𝑖𝑧𝑒𝑑 = 273

𝐿𝐶𝐿𝑡𝑒𝑚𝑝
𝑇𝑏 with the LCL temper-

ature (𝐿𝐶𝐿𝑡𝑒𝑚𝑝) in Kelvin. In both the model and flight
data, the LCL is calculated from the thermodynamic val-
ues at the flight altitude, simulated or real-time. Any LCL
temperature below 243 K is set to 243 K (because little
liquid is expected at cloud temperatures colder than 243
K).

Without this correction, the retrieved LWPs do not com-
pare as well to either the model values or in-situ measure-
ments made during CAESAR (not shown). The normalized
𝑇𝑏 is only applied to the LWP retrieval as the water vapor
gaseous absorption constants are not highly temperature-
dependent.

e. Machine Learning Approaches

Two machine learning approaches, with different sensi-
tivities to input errors, are applied in tandem and subse-
quently averaged to produce the retrieved LWPs and WVPs.
One is a neural network regression and the other is a ran-
dom forest regression. For both methods, the input is a

vector of length 5 containing the 183.3 GHz ±14, ±7, ±3,
and ±1 GHz 𝑇𝑏 and the vertically-integrated 95 GHz radar
reflectivity. Noise is not added to training data. The output
is LWP or WVP. While this may suggest an overconstrained
solution, we cannot control well for other influencing vari-
ables, such as the vertical structure of temperature and hu-
midity. This is the reason for selecting model simulations
of the same cloud regime for the training and validation
datasets.

Fig. 3. Inputs and outputs of the machine learning retrieval. Neural
network and random forest models are run separately and then averaged
together. Note the reflectivity is a vertically-averaged quantity.

The neural network approach uses a Multilayer Percep-
tron Neural Network (MPLNN) based on the MPLRegres-
sor model within the sklearn Python package. MPLNNs
are used for complex regression tasks across many disci-
plines and can identify complex non-linear relationships
between variables. We use a MPLNN with a Rectified
Linear Unit (ReLU) activation function using 20 layers of
200 neurons. The MPLNN regression can extrapolate be-
yond the output phase space that it is trained on, supporting
predictions with decent accuracy beyond the original phase
space. The weakness of MPLNN is that extreme outlier
predictions lying well outside the realm of reality can also
result, if an instrument is poorly calibrated and/or produces
measurements well outside the input training phase space.

The other machine learning approach is a Random Forest
(RF) Regressor, also from the sklearn Python package. The
RF Regressor uses an ensemble of decision trees generated
through bootstrapping the training dataset. The output of
each of the decision trees is then averaged to generate a
prediction. We use ten decision trees. One disadvantage
is that the RF Regressor can only predict within the range
of output values it is trained on. However, this is also an
advantage in that the approach can handle instrument error
better than the MPLNN and will not predict LWPs or WVPs
outside of a physically realistic range. This rationalizes the
decision to construct the average of the two retrievals into
the final estimate of LWP and WVP.

3. ARM Southern Great Plains GVR Calibration Test-
ing

From October 30th to November 10th 2023, the GVR
was deployed to the DOE ARM Southern Great Plains



7

(SGP) site to take advantage of their regular, near-by ra-
diosonde launches and other ancillary measurements. The
𝑇𝑏 measured by the GVR during clear-sky conditions, de-
termined using the Total Sky Imager (Flynn and Morris
2023), are compared to those simulated by PAMTRA based
on the SGP radiosondes (Keeler et al. 2023) in Figure 4.
Overall, the clear-sky GVR𝑇𝑏s are warmer than those sim-
ulated by PAMTRA, especially under drier conditions and
by the far wing channels, by up to 15 K (Fig. 4a).

The PAMTRA simulations rely on the Rosenkranz
(1998) water vapor emission model. A sensitivity test
relying on the MonoRTM (Clough et al. 2005) emission
model slightly decreases the simulated 𝑇𝑏 (increasing the
bias relative to the GVR), by approximately 1-2 K. This
small difference between radiative transfer models indi-
cates most of the discrepancy is from a miscalibration of
the GVR.

The best-estimate of the bias as a function of the mea-
sured𝑇𝑏 (black solid line in Fig. 4b) is used to post-process
the GVR𝑇𝑏s during CAESAR. The bias correction also im-
proved a high bias noted in the real-time retrieved LWP and
WVP estimates during the campaign.

4. Machine Learning Model Testing

Training is conducted on selected points from LAM
simulations of three independent CAOs emcompassing the
full range of possible conditions over the Norwegian Sea,
referred to as PAMTRA-train. The test dataset, a PAMTRA
simulation of an LES run of a CAO from 13 March 2020,
is referred to as PAMTRA-test.

a. Control

The control test determines the LWP and WVP for the
PAMTRA-test cases based only on the simulated GVR
𝑇𝑏s and radar reflectivities. These values are then directly
compared to model diagnostics (Fig. 5a-b). The model per-
formed well, with explained variances of 99% and 100%
for the LWP and WVP retrievals, respectively. However,
this assumes perfect information, and doesn’t account for
any sources of error. When the reflectivity is neglected
within retrieval, the retrieved LWPs are clearly biased low,
while the retrieved WVPs are only slightly worse (Fig.
5c-d).

b. Error Estimations

Several sources of error are not accounted for in the
control test. These include the GVR instrument error,
and error in the representation of the microphysical size
distributions. Other errors are not considered.

Random instrument error is simulated by perturbing
each PAMTRA-test 𝑇𝑏 randomly using a normal distribu-
tion with a standard deviation of 2 K, the stated uncertainty
of the GVR measurements (Cadeddu 2011). The random

Fig. 4. Bias of GVR 𝑇𝑏s in clear sky conditions using radiosonde
data with respect to PAMTRA simulated 𝑇𝑏s at the ARM SGP field site
plotted with a) radiosonde observed WVP as the dependent variable,
and b)measured 𝑇𝑏 as the dependent variable.

instrument error in WCR reflectivity is ignored because its
impact is an order of magnitude smaller than changes to
the reflectivities caused by altering the snow/graupel char-
acteristics. Errors within the mass-size and area-size rela-
tionships of snow and graupel are evaluated by perturbing
the snow/graupel density factors within separate PAMTRA
simulations of the 13 March 2020 LES case, leading to dif-
ferent mass-size and area-size relationships. The density
factor 𝜌 is perturbed by ± 0.1 from the settings within
PAMTRA-test, corresponding to less riming (𝜌𝑠𝑛𝑜𝑤 = 0.1
and 𝜌𝑔𝑟𝑎𝑢𝑝𝑒𝑙 = 0.6) and more riming (𝜌𝑠𝑛𝑜𝑤 = 0.3 and
𝜌𝑔𝑟𝑎𝑢𝑝𝑒𝑙 = 0.8) than in the control run.

Performance metrics of WVP and LWP, shown in Tables
2-3 and Figures 5e-f, indicate the performance degrades as
expected when errors are propagated into the retrieval, but
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Fig. 5. Performance of both the LWP and WVP retrievals in a) and
b): the control test; c) and d): the control test with reflectivity excluded
from both the training or testing; e) and f): with perturbed instrument
simulations and microphysics.

much of the skill is still retained. In the LWP retrieval
perturbed test, absolute errors increase as the LWP grows;
however, the percent error decreases. Retrievals for LWPs
greater than 100 g m−2 have a ∼10% error. For WVPs,
the perturbations produce < 10% error except in the driest
conditions.

5. Implementation During CAESAR

The new retrieval supported real-time LWP and WVP
estimates during CAESAR, with a time latency of less
than 10 seconds on-board the plane. An on-board dash-
board developed by the first author showed GVR 𝑇𝑏, WCR
integrated reflectivity, LWP and WVP retrievals, plane al-
titude and air temperature on a display updating to the
most recent 30 minutes of data. This included a real-time
retrieval uncertainty from instrument uncertainties and a
riming uncertainty, similar to the initial retrieval tests.

Fig. 6. a) Comparison of integrated in-situ LWC (using the CDP
and King-PMS probes) compared to the retrieved LWP below the cloud
base. Comparison is done after constant LWP bias correction is applied.
b) Comparison of integrated in-situ specific humidity (using both Buck
Model 1011C dew-point hygrometers) over a layer compared to the
difference in retrieved WVP from the top to bottom of that layer.

The near-real-time LWP estimates available during the
below cloud legs helped inform how much icing might be
experienced on the subsequent ascent. The estimates also
aided a robust understanding of environmental and cloud
conditions helpful for the other instrument teams. The
real-time WVP was often useful for determining boundary
layer growth, and for identifying sharp moisture bound-
aries designating different air masses, enabling decisions
to resample a given area.

CAESAR also provided an excellent, independent op-
portunity to validate the GVR-based retrieval. LWCs from
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LWP Performance (𝑔𝑚−2)

25-50 50-100 100-250 250-500 500-1000 > 1000
Control RSME 8.2 11.0 20.1 47.1 79.8 97.0
Control % Error 17.9% 11.5% 9.8% 11.3% 10.6% 7.4%
Perturbed RMSE 18.0 19.4 26.6 47.1 73.8 104.9
Perturbed % Error 39.4% 21.2% 13.3% 10.9% 9.3% 7.5%

Table 2. Performance metrics (root-mean-square error as absolute and a percentage) for both control and perturbed LWP datasets binned by the
truth LWP.

WVP Performance (g m−2)

250-500 500-1000 1000-2000 2000-3000 3000-4000 >4000
Control RMSE 21.3 28.2 31.2 48.6 60.8 21.9
Control % Error 5.1% 3.3% 1.8% 1.6% 1.6% 0.5%
Perturbed RMSE 110.9 128.1 154.9 198.6 256.8 396.3
Perturbed % Error 24.8% 14.5% 8.6% 6.5% 6.3% 7.4%

Table 3. Performance metrics (root-mean-square error as absolute and a percentage) for both control and perturbed WVP datasets binned by the
truth WVP.

the CDP and the King probe were integrated from as-
cents and descents through clouds, and compared to the
three-minute averages of retrieved LWP during the adjacent
below-cloud leg. Due to the heterogeneous distribution of
cloud water, the comparison relies only on spiral ascents
and descents through homogeneous cloud (or clear-sky)
layers. Eight spiral ascents/descents (two clear sky and six
through cloud) met this criteria across four research flights
(RF02, RF04, RF06, and RF07, occurring on 29 February
2024, 3 March 2024, 12 March 2024, and 16 March 2024
respectively).

In contrast, water vapor is more horizontally homoge-
neous than cloud LWC, and almost all aircraft profiles con-
tributed to the comparison. Clear and cloudy sky profiles
totaled 97 ascents/descents across all research flights. The
WVP constructed from best-estimate specific humidities as
measured by a Buck hygrometer during ascents/descents
is compared to the retrieved WVP difference between the
bottom and top of the ascent/descent.

Initially, a large high bias in LWP (∼75 g m−2) and
WVP (∼200 g m−2) was observed when comparing to the
in-situ probe data. This is consistent with a sensitivity
of ±14 GHz 𝑇𝑏 to LWP of ∼0.206 K/g m−2 (Ulaby et al.
1986), suggesting a bias in the ±14 GHz 𝑇𝑏 of around 15
K - of a similar magnitude observed at ARM SGP. After
adjusting the 𝑇𝑏s using data presented in Figure 4 from the
ARM SGP site, the bias in the LWP retrieval reduced to
∼25 g m−2 and the WVP bias disappeared. Based on this
assessment and sanity checks in the clear-sky situations, a
constant offset of 25 g m−2 was further removed from each
retrieved LWP.

Figure 6 shows the comparison to the in-situ measure-
ments after these bias corrections were incorporated. The
correlations of the LWP retrieval to integrated in-situ LWPs

is high, with an explained variance of 93-97% (Fig. 6a).
The final bias becomes -10 and +15 g m−2, relative to the
CDP and King probes, respectively. The King probe is
known to underestimate the contribution of the larger drop
sizes (Lance 2012), while the CDP probe is calibrated with
glass beads and has a sizing uncertainty of 10-20% (Lance
et al. 2010). As such the GVR LWP estimates can be con-
sidered to be within the bounds of the uncertainties of the
two cloud probes.

6. Selected Results

A variety of conditions were experienced during the
near-surface legs during CAESAR (Fig. 7). Most CAO
clouds possess LWPs below 200 g m−2, but the strongest
convective updrafts in open celled convection may contain
LWPs approaching or exceeding 1000 g m−2. Such up-
drafts may contain drops of sufficient size that Mie scatter-
ing increases the 𝑇𝑏, unphysically increasing the retrieved
LWPs (Cadeddu et al. 2017). Such high retrieved LWPs
will receive further scrutiny. WVPs vary from flight to
flight based on the background synoptic conditions, rang-
ing from 1000 g m−2 to 7000 g m−2.

An example from 29 February (RF02) is shown in Fig-
ure 8, during which a closed to open celled transition is
sampled. Pitch/roll angle is accounted for by correcting for
the increased path length. During the closed cell regime,
LWPs are relatively constant around 200-300 g m−2. After
the transition to open cells, LWPs are much more variable,
with maximum LWPs exceeding 500 g m−2, aligning with
updrafts. In other areas, the cloud is mostly or completely
glaciated. An in-depth analysis of this case will be saved
for a future paper.
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Fig. 7. Histogram of retrieved LWP and WVP during CAESAR
when the C-130 was below 500m altitude and GVR oscillations were
not present (including clear sky times). Polar low flight, RF09, is not
included.

7. Conclusion

This retrieval method successfully diagnosed the LWP
and WVP along the flight tracks during the CAESAR cam-
paign. While this demonstration highlights the benefits
of multi-instrument retrievals, there are still some areas
for improvement. For example, in thin clouds, in some
instances the retrieval is too sensitive to changes in WCR
reflectivity, causing it to diagnose small amounts of LWP
( though zero is still within the margin of error) in clouds
that are likely all ice based on the Wyoming Cloud Lidar
(WCL) data (University of Wyoming - Flight Center 2007),
and the lack of spikes in the GVR 𝑇𝑏 time series. One ex-
ample of this phenomena occurred near the sea ice edge
during RF07. One possible cause is that the riming factor
in the operational retrieval does not match the observed mi-
crophysics. After an analysis of the microphysical probes
and particle imagery from CAESAR, adjustments may be
made to the riming factor used. In addition, further work
may explore integrating other upward-looking instruments

into the retrieval, such as the WCL to better constrain the
retrieval.

Despite any shortcomings, this retrieval agrees well with
the cloud probes across multiple research flights (Fig. 6),
and diagnoses LWP maximum within updrafts similar to
other research in this regime (Mages et al. 2023). The
approach can be adapted to a wide variety of applica-
tions as long as the training data accurately represents the
mesoscale conditions the retrieval is applied to, and ide-
ally will serve to support further characterization work of
mixed-phase convective clouds.
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APPENDIX

A1. ARM North Slope Alaska Site Testing

The retrieval was further tested on data from the ARM
NSA site in Utquigvik, Alaska (formerly Barrow). CAO
conditions are frequent in Utquigvik during October, when
the Beaufort Sea is still ice-free (Wang et al. 2016). The
presence of CAOs at the ARM NSA site is identified us-
ing the 𝑀 index, defined as 𝑀 = 𝜃𝑆𝑆𝑇 - 𝜃850ℎ𝑃𝑎 where 𝜃

is potential temperature (Kolstad and Bracegirdle 2008),
SST corresponds to the average SST over a 2◦ latitude
by 4◦ longitude box due north of the NSA site using the
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Fig. 8. Retrievals during a below cloud leg from RF02 on February 29th 2024. This leg samples across a closed to open celled transition.
Dotted red line in the the WCR reflectivity (a) and Doppler velocity (b) plots shows the plane’s altitude with time. Uncertainties in the retrievals are
represented as the shaded area surrounding the dark lines for the LWP (c) and WVP (e) retrievals. Cloud droplet probe (CDP) in-situ measurements
of LWC (d) are also shown. Non-normalized GVR 𝑇𝑏s are shown in (f).

NOAA/NCEI 1/4◦ Daily Optimum Interpolation Sea Sur-

face Temperature (OISST; Reynolds et al. 2007). The 850

hPa temperature is identified from the NSA radiosondes

(Keeler et al. 2023). When 𝑀 is positive, the atmosphere
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is thermally unstable. An additional criterion is that the
sea ice concentration, based on the NCEP and GSFC sea
ice product, is < 33% in the same box. These criteria iden-
tified six CAOs spanning a total of 104 hours from 2020
and 2021 that were used to test the retrieval.

The site includes a surface-based GVR radiometer
(Cadeddu and Tuftedal 2021), a 35 GHz Ka-band ARM
Zenith Radar (KAZR) (Feng et al. 2021), and independent
LWP and WVP retrievals to compare against. Surface
pressure, 2m temperature, and 2m dew point determine
the temperature at the LCL, serving as a proxy for the
cloud base temperature within the retrieval. For this test,
PAMTRA is used to simulate the LAM training case re-
flectivities to match the 35 GHz KAZR. All other methods
used are the same. The three independent retrieval meth-
ods include Turner et al. (2007) and two different retrievals
from Liljegren (2004). Turner et al. (2007) is an optimal
estimation retrieval utilizing both infrared and microwave
(MWR) measurements, and relies on the MonoRTM code.
Liljegren (2004) are statistical retrievals based on measure-
ments from a a 12-channel profiler radiometer (MWRP),
and on only two channels of the MWRP. Liljegren (2004)
uses the Rosenkranz (1998) water vapor absorption model.

Comparisons to the three other retrievals indicate rela-
tively good agreement (Fig. A1). We note that even though
the Turner et al. (2007) and Liljegren (2004) retrievals are
well established, this comparison is still different from
comparing to truth. Inherent errors may be common to all
the retrievals in addition to the instruments. Nonetheless,
this comparison acts as a high quality sanity check.

A2. Qualitative Demonstration

The main premise of using radar reflectivities in our re-
trieval of LWP while previous retrieval methods typically
only use radiometers is that liquid cloud droplets are not
the only hydrometeor contributing to measured 𝑇𝑏. Cloud
liquid contributes to brightness through primary emission,
but snow also has a secondary contribution to brightness
by scattering upward emissions from the ocean back down-
ward to the radiometer. To demonstrate this relationship,
we looked at PAMTRA simulated𝑇𝑏s and reflectivities in a
15x15 km box of the LES model run in a region of open cell
convection that contained the highest LWPs. This region
is outlined in a small red box in Figure 1. The hydrome-
teor amounts of each species are shown in the first column
in Figure A2. The hydrometeor species shown are LWP,
SWP, ice water path (IWP), graupel water path (GWP).
Water vapor path (WVP) is also evaluated. Rain water
path is not included as rain is not often present in CAOs in
the Norwegian Sea during the timeframe of CAESAR.

To simulate the GVR, we used PAMTRA to find 𝑇𝑏
contributions from each individual hydrometeor species at
(183.3 ± 14 GHz) from the same 15x15 km section of the
LES model that is shown in the second column of Figure

Fig. A1. Comparison of our LWP and WVP retrievals to other retrievals
in use at the ARM NSA site.

A2. The ±14 GHz channel was chosen since water vapor
has the smallest impact on that channel, allowing for a
more vivid comparison. The primary contribution to total
𝑇𝑏 is cloud liquid, the secondary contribution is by snow.
Other hydrometeor types have negligible effects.

To simulate the WCR, we used PAMTRA to find the ver-
tically integrated 95 GHz reflectivities of each individual
hydrometeor species in the 15x15 km box. The primary
contribution to reflectivity is due to snow, with a secondary
contribution from cloud liquid. The third column in Figure
A2 shows integrated reflectivities.

Cloud ice is present in low quantities, and graupel is
present in very scattered locations. Nonetheless, we at-
tempted to estimate the total amount of frozen hydromete-
ors (frozen water path, FWP = snow + graupel + cloud ice)
as that is a more useful quantity than snow alone. In ad-
dition, the threshold separating snow from cloud ice in the
model output is an arbitrary size with little physical signif-
icance. Overall, this demonstrates that a retrieval of LWP
and FWP should be achievable. This is because while con-
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Fig. A2. The first column shows the spatial distribution of a) LWP, b) SWP, c) ice water path (IWP), d) graupel water path (GWP), and e) WVP
within the red box in Fig. 1. This is a region of CAO open celled convection in an LES model simulation of 13 March 2020. The second column
shows contribution of ai) LWP, bi) SWP, ci) IWP, di) GWP, and ei) WVP to the ±14 GHz 𝑇𝑏 . The third column shows contribution of aii) LWP,
bii) SWP, cii) IWP, dii) GWP, and eii) WVP to the integrated 95 GHz reflectivities (𝑑𝐵𝑍).
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ducting a retrieval, we will have two unknown variables
(LWP and FWP) and two known independent variables
coming from measurements of the GVR and WCR. Both
LWP and FWP have distinct patterns in how they impact
GVR and WCR measurements. Cloud liquid dominates the
GVR 𝑇𝑏 and has a secondary contribution to WCR reflec-
tivity. Frozen hydrometeors dominate WCR reflectivity
and have a secondary contribution to GVR 𝑇𝑏. Unfortu-
nately, a retrieval of FWP only worked in model testing
and was not reliable in the field. This is likely due to the
high sensitivity of the FWP retrieval to PAMTRA modeled
reflectivities. Even small differences between the training
and observed reflectivities (caused by differences in the
calibration of the WCR with respect to PAMTRA simula-
tions and our representation of the frozen microphysics in
PAMTRA) were too large for a viable FWP retrieval.
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