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Abstract. Accurate forward models, particularly radiative transfer models, are essential for the assimilation of both passive

and active satellite observations in modern data assimilation frameworks. The Community Radiative Transfer Model (CRTM),

widely used in the assimilation of satellite observations within numerical weather prediction systems, especially in the United

States, has recently been expanded to include a radar module. This study assesses the new module across multiple radar

frequencies using observations from the Earth Clouds, Aerosols and Radiation Explorer Cloud Profiling Radar (EarthCARE5

CPR), the CloudSat CPR, and the Global Precipitation Measurement Dual-Frequency Precipitation Radar (GPM DPR). Sim-

ulated radar reflectivities were compared with the spaceborne measurements to evaluate the impacts of hydrometeor profiles,

particle size distributions (PSDs), and frozen hydrometeor habits. The results indicate that both PSD selection and particle

shape largely influence the simulated reflectivities, with snow particle habits introducing differences of up to 4 dBZ in W-band

comparisons. For the GPM DPR, reflectivities simulated using the Thompson PSD showed better agreement with observations10

compared to
:::::
closer

:::::::::
agreement

::::
with

:::
the

::::::::::
observations

::::
than

:
those using the Abel PSD

:
;
:::
this

:::::::::
agreement

:::::
should

:::
be

:::::::::
interpreted

::
in

:::
the

::::::
context

::
of

:::
the

::::::
limited

::::::::::::
independence

:::::::
between

:::
the

::::::::::
observations

::::
and

:::
the

:::::::
retrievals

:::::
used

::
as

::::
input

::
to
:::
the

:::::::
CRTM,

:::::
which

::::::::::
themselves

:::
rely

:::
on

::::::::::
PSD-related

::::::::::
assumptions. The sensitivity of forward radar simulations to microphysical assumptions, underscores their

importance in the assimilation of radar observations in numerical weather forecast models.

1 Introduction15

Radiative transfer models (RTMs), which simulate how electromagnetic radiation interacts with the atmosphere, serve as criti-

cal tools in the field of remote sensing and data assimilation. These models facilitate the interpretation of satellite observations,

which is essential for various applications, including weather forecasting, climate monitoring, and environmental assessments

(Liou, 2002; Petty, 2006). These models are also widely used to retrieve different products from spaceborne measurements

(Saunders et al., 2018; Aumann et al., 2018; Johnson et al., 2023). Therefore, the accuracy of these models directly influences20

the quality of meteorological analyses and predictions, highlighting the need for continuous advancements in radiative transfer

methodologies and evaluation of the results (Geer et al., 2017, 2018).

The Community Radiative Transfer Model (CRTM) is an open-source code that supports both research and operational

work in the satellite community. CRTM can simulate a wide range of spectral channels, from visible to microwaves providing
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a flexible framework for assimilation of observations from spaceborne instruments (Chen et al., 2011; Johnson et al., 2023).25

CRTM also provides as a collaborative platform, allowing agencies such as NOAA, NASA, and the DOD, along with academia,

to contribute to the development of a shared radiative transfer model.

There is a growing number of current and planned spaceborne radar missions, including the Tropical Rainfall Measur-

ing Mission (TRMM) (Kummerow et al., 1998), CloudSat Cloud Profiling Radar (CPR) (Stephens et al., 2002), the Global

Precipitation Measurement (GPM) Dual-frequency Precipitation Radar (DPR) (Hou et al., 2014), the Feng Yun–3G Precipi-30

tation Measurement Radar (PMR) (Zhang et al., 2023; Wu et al., 2025), and the Earth Clouds, Aerosols and Radiation Ex-

plorer (EarthCare) CPR (Illingworth et al., 2015), as well as planned missions such as the Wind Velocity Radar Nephoscope

(WIVERN) (Illingworth et al., 2018) and the INvestigation of Convective UpdraftS (INCUS) (van den Heever et al., 2022).

The radar instruments provide vertical profiles of reflectivity that can be directly related to cloud and precipitation structures

that cannot be retrieved from passive sensors. These observations have numerous applications, including evaluating cloud and35

precipitation simulations in numerical weather prediction (NWP) models, improving our understanding of key atmospheric

processes, and assimilation into NWP systems. All of these applications require accurate radiative transfer models (RTMs) to

simulate the interaction of radar signals with hydrometeors (Prigent, 2010; Battaglia et al., 2020, 2024; Moradi et al., 2023).

Currently, several NWP centers use active sensor simulators tailored to their own systems for the assimilation of spaceborne

radar observations. Di Michele et al. (2012) used the ZmVar forward operator to compare ECMWF forecasts with CloudSat40

radar data, showing that simulated reflectivities are highly sensitive to assumptions about precipitation fraction, particle size,

and hydrometeor properties.

Okamoto et al. (2016) demonstrated that direct assimilation of GPM DPR reflectivity has the capability to improve the

forecasts. Using an ensemble-based variational scheme with careful preprocessing (quality control and superobbing), DPR

data provided vertically resolved information to better constrain rain mixing ratios and updrafts, while complementing GMI45

radiance assimilation. Results showed that combined DPR and GMI assimilation outperformed either dataset alone, with DPR

helping to mitigate biases such as excessive snow and spurious rain increases.

Fielding and Janisková (2020) explore the direct assimilation of spaceborne radar and lidar observations within the ECMWF

4D-Var system by developing optimized, efficient, and differentiable observation operators tailored for these narrow-footprint

active sensors. The work includes the introduction of a fully flow-dependent observation-error characterization. Fielding and50

Janisková (2020) implement rigorous screening, quality control, and bias-correction procedures to prevent degradation of the

analysis.

Recent developments in RTTOV-SCATT have extended its capabilities to simulate active radar observations alongside pas-

sive microwave sensors within a consistent radiative transfer framework. The radar simulator introduced in version 13 includes

improvements to melting-layer parameterizations, with a revised scheme shown to better reproduce GPM DPR observations,55

particularly below the freezing level. This enhanced capability can be used in either NWP model evaluation or data assimilation

(Geer et al., 2021; Mangla et al., 2025).

The active sensor module in CRTM is integral for assimilating remote sensing observations specifically from spaceborne

active instruments such as EarthCARE CPR and GPM DPR (Moradi et al., 2023). This module has been successfully integrated
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into the Joint Effort for Data assimilation Integration (JEDI) framework, which is currently being integrated into multiple NWP60

systems across the globe. The evaluation of CRTM’s active sensor module, particularly for Ku, Ka, and W bands, will contribute

significantly to the readiness of the JEDI system for the assimilation of forthcoming spaceborne observations.

Both forward modeling, i.e., simulating radar reflectivities from input water content profiles, and inverse modeling, i.e.,

retrieving microphysical properties from radar reflectivity observations, depend on accurate modeling of particle scattering. The

scattering properties depend on particle dimension, shape, density, phase, and orientation with respect to the radar wavelength.65

While the scattering properties of liquid hydrometeors at Ku- and Ka-bands can be accurately computed using the Mie theory

(Seto et al., 2021; Liao et al., 2013), W-band simulations, which largely depend on frozen habits, require scattering calculations

to be based on more realistic non-spherical shapes. Several schemes have been used in the past to compute the scattering

properties of frozen hydrometeors, including T-matrix and Discrete Dipole Approximation (DDA) methods (Eriksson et al.,

2018; Liu, 2008; Mishchenko et al., 1999; Kuo et al., 2016; Petty and Huang, 2010; Geer et al., 2021). This study employs the70

scattering database developed by Eriksson et al. (2018).

Evaluation of radiative transfer models require surface, atmospheric, and hydrometeor profiles. There are three main sources

of input profiles for validating RT models: in situ measurements, NWP simulations, and retrievals from combined active–passive

sensors. In this study, we use retrieval products to avoid temporal and spatial mismatches between the observations and input

profiles. While these retrievals involve radiative transfer assumptions, they still provide a practical and reliable basis for evalu-75

ating forward models.

This paper aims to assess the performance of the CRTM active sensor module in simulating radar observations across the

Ku, Ka, and W bands using atmospheric and hydrometeor profiles collocated with radar observations. Section 2 provides an

overview of the CRTM, Section 3 describes the instruments, Section 4 presents the results, and Section 5 offers the conclusions.

2 Forward Models in Data Assimilation80

Radiative transfer models are the backbone of data assimilation frameworks used to incorporate satellite observations from

both passive and active instruments into NWP models. These models, often refereed to as the forward model or observation

operator, simulate satellite measurements based on surface and atmospheric state variables and hydrometeor profiles provided

by the NWP models (Zhou et al., 2023; Liang et al., 2023). Modern data assimilation systems predominantly employ four-

dimensional variational (4D-Var) methods. 4D-Var aims to optimally estimate the initial conditions by minimizing a cost85

function that represents the difference between model predictions and observational data over a specified temporal window,

thus ensuring a fit between the model trajectory and incoming data in four-dimensional space (three spatial dimensions plus

time) (Rabier et al., 2000).

The general formulation of the data assimilation cost function can be expressed as

J(x) =
1

2
(y−H(x))TR−1(y−H(x))+

1

2
(x−xb)

TB−1(x−xb) (1)90
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where J(x) is the cost function to be minimized; y is the vector of observations; H(x) is the (generally nonlinear) obser-

vation operator that maps the model state vector x into observation space; xb denotes the background (or prior) state; B is the

background error covariance matrix; and R is the observation error covariance matrix (Rabier et al., 2000).

2.1 Community Radiative Transfer Model

The Community Radiative Transfer Model (CRTM), developed by the Joint Center for Satellite Data Assimilation (JCSDA), is95

a computationally efficient and flexible framework for simulating satellite observations across passive microwave, infrared, and

visible sensors under both clear-sky and cloudy-sky conditions (Johnson et al., 2023). The CRTM capability has been recently

extended with the addition of an active sensor module to facilitate the assimilation of spaceborne radar observations (Moradi

et al., 2023)

The model relies on pre-computed lookup tables to represent absorption and scattering processes: absorption coefficients are100

tailored to each instrument, whereas hydrometeor scattering properties are generalized as functions of particle mass, frequency,

and temperature. As a result, a unified set of hydrometeor lookup tables can be applied to all sensors operating within the same

spectral domain. In particular, both microwave radiometers and radar systems utilize the same hydrometeor scattering databases

due to their shared frequency range. Recent developments have introduced Discrete Dipole Approximation (DDA) lookup

tables, extending CRTM’s applicability to microwave and radar instruments operating from 10 GHz to 800 GHz (Moradi et al.,105

2022).

To account for multiple scattering, CRTM integrates two advanced solvers: the Advanced Doubling–Adding (ADA) method

(Liu and Weng, 2006) and the Successive-Order-of-Interaction (SOI) method (Heidinger et al., 2006). While these solvers are

primarily applied to attenuation computations, backscattering effects are treated using the single-scattering approximation. By

default, CRTM employs ADA, which is also adopted in the present study.110

Full radiative transfer simulations for microwave and radar instruments in CRTM require atmospheric state variables (tem-

perature, water vapor, and pressure) in conjunction with hydrometeor water content profiles, including snow, hail, graupel,

cloud ice, cloud liquid water, and rain. In the case of radar observations, these inputs are essential for computing the two pri-

mary processes governing radar measurements: volume backscattering and atmospheric attenuation. Although simulations may

be performed for an isolated hydrometeor species (e.g., only snow), such an approach neglects the scattering and attenuation115

contributions from other hydrometeors.

2.2 Radar forward model

The power received by a radar antenna depends on the transmitted power, the target backscattering, and atmospheric attenua-

tion. By normalizing the backscattered signal with the transmitted power, the instrument characteristics are removed, yielding

the radar reflectivity factor. Mathematically, the radar equation can be expressed as follows; readers are referred to Petty (2006)120

for basic definitions.
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Z =
1018λ4

π5|kw|2
βb and Za =

1018λ4

π5|kw|2
Γβb (2)

where λ is the radar wavelength (m), kw is the dielectric factor of liquid water, βb is the volume backscattering coefficient

(m−1), and Γ is the two-way transmittance accounting for atmospheric attenuation. The volume backscattering coefficient

is scaled with the radar wavelength and dielectric factor to convert it to the equivalent reflectivity factor. The attenuation is125

computed from the layer extinction coefficient, which accounts for both absorption and scattering by gases and hydrome-

teors (Moradi et al., 2023). The attenuation-corrected (Z) and attenuated (Za) reflectivity factors are typically expressed in

logarithmic units (dBZ) as:

Re = 10log10

(
Z

1 mm6 m−3

)
and Rea = 10log10

(
Za

1 mm6 m−3

)
(3)

Particle size distributions (PSDs) are used to derive bulk scattering properties from single-particle scattering characteristics.130

They provide the number density of particles per unit diameter, n(D) in m−3 m−1, which is used to calculate the volume

backscattering coefficient βb as:

βb =

∞∫
0

σb(D)n(D)dD (4)

where σb (m2) is the backscattering cross section of a particle with maximum dimension D (m).

In CRTM, βb is expressed using the mass backscattering coefficient kb (m2 kg−1) and the cloud water density ρh (kg m−3):135

βb = ρhkb =
ψhkb
dx

(5)

where ψh (kg m−2) is the layer-integrated cloud water content provided as input to CRTM, and dx = dz/cos(θ) is the

slant-path layer thickness, with dz the vertical layer thickness and θ the zenith angle. The coefficient kb is obtained as:

kb =

∫
σb(D)n(D)dD∫
m(D)n(D)dD

=

∫
σb(D)n(D)dD∫

ρ(D)V (D)n(D)dD
(6)

where m(D) is the particle mass (kg), ρ(D) =m(D)/V (D) is the particle density, and V (D) is the equivalent spherical140

volume. For convenience, V (D) = πD3/6 is used to represent the volume of a sphere with diameter D, even though the

actual particles may be nonspherical. This approximation provides a consistent way to relate particle mass and size through an

equivalent-volume definition.

The complex permittivity of liquid water, ϵw = ϵ′ + iϵ′′, or equivalently the refractive index ηw =
√
ϵw, is used to compute

the dielectric factor (kw) at a given frequency and a temperature of 273 K:145

5



kw =

∣∣∣∣ϵw − 1

ϵw +2

∣∣∣∣= ∣∣∣∣η2w − 1

η2w +2

∣∣∣∣ . (7)

We used the permittivity models developed by Ellison (2007) for liquid water to ensure consistency with the permittivity

model employed in deriving cloud optical properties via the DDA technique Eriksson et al. (2018).

3 Spaceborne Radar Observations

Radar instruments transmit electromagnetic pulses that travel through the atmosphere, interact with hydrometeors, and scatter150

a portion of the signal back to the antenna. The strength of this backscattered signal, or reflectivity, depends on the scattering

properties of the hydrometeors and the attenuation along the signal path (Moradi et al., 2023).

Accurate atmospheric and hydrometeor profiles are essential for evaluating radar forward models using observations from

multiple sensors. Three main sources of input profiles are typically considered. In situ measurements are the most accurate

when available, but they generally provide only temperature and humidity and lack cloud water information. NWP model155

output offers complete atmospheric profiles and has been used in data assimilation studies (Fielding and Janisková, 2020;

Ikuta, 2016), but the results depend largely on accuracy of the forecast model. In particular, spatial and temporal errors in cloud

placement, especially in vertical domain, can lead to large differences between simulated and observed reflectivities.

A third option, and the one used here, is to rely on retrievals from combined active–passive sensors, which provide profiles

that are both temporally and spatially matched to the observations being assessed. While this approach is affected by the160

dependency between the RT model used in the retrievals and the model under evaluation, the CRTM remains independent

because it is not used by any of the Level-2 providers considered in this work. Even with this independence in mind, instrument

teams invest substantial effort in developing and maintaining the RT components of their retrieval systems, which makes these

products a reasonable and useful benchmark for an operational community model like CRTM. Because no single retrieval

product can be collocated with observations from all instruments, we therefore used a separate retrieval-based hydrometeor165

dataset to evaluate the forward model for each instrument considered in this study.

Table 1 summarizes the assumptions used in the forward models within the retrieval systems for each instrument. The notable

differences are that only the EarthCARE retrieval assumes non-spherical particles for frozen hydrometeors and also considers

multiple scattering in the retrieval system, although both CloudSat CPR and GPM DPR flag cases that may be significantly

affected by multiple scattering. These products are discussed in more detail in the following sections.170

Table 1 also compares the assumptions employed in CRTM with those used in the RT models underlying the retrievals. Note

that Field et al. (2007) rescales the PSD from an exponential form at small particle sizes to a gamma distribution at larger

sizes. The PSD from Thompson et al. (2008) is the primary distribution used for liquid clouds and rain throughout this study.

Additionally, the PSD from Abel and Boutle (2012), which employs an exponential distribution for rain and water, is used for

comparison with Thompson et al. (2008), although it is not shown in the table.175
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Table 1. A comparison of the radar forward-model assumptions employed in the retrieval systems of CloudSat CPR, GPM DPR, and

EarthCARE CPR.

Parameter CloudSat CPR GPM DPR EarthCARE CPR CRTM

Frequency 94 GHz 13.6 / 35.5 GHz 94 GHz

PSD (liquid/rain) Lognormal Modified Gamma Lognormal Generalized Gamma

(Thompson et al., 2008)

PSD (ice/snow) Lognormal Modified Gamma Modified gamma Exponential (small),

Gamma (large particles)

Particle habit Spherical Spherical Spherical (Liquid),

Non-spherical (Frozen)

Spherical (Liquid),

Non-spherical (Frozen)

Single scattering

model

Mie Mie Mie (Liquid), DDA

(Frozen)

Mie (Liquid), DDA

(Frozen)

Multiple scattering Flagged > –15 dBZ Retrievals flagged Based on Sato et al. (2018)

Beam filling Flagged > –15 dBZ Retrievals flagged Considered

References Austin and Wood

(2018)

Iguchi et al. (2024); Liao and

Meneghini (2022); Seto et al.

(2021)

Sato et al. (2025);

Nakajima et al. (2025)

3.1 EarthCARE CPR

The European Earth Clouds, Aerosols and Radiation Explorer (EarthCARE) satellite carries four instruments to study the role

of clouds and aerosols in Earth’s climate (Illingworth et al., 2015). Among these, the Cloud Profiling Radar (CPR) is a Doppler-

capable radar that penetrates clouds and light precipitation, providing detailed measurements of vertical structure, particle size,

water content, and velocities.180

The CPR is equipped with a 2.5 m antenna deployed shortly after launch. CPR operates at 94 GHz and provides a vertical

resolution of 500 m. The high sensitivity of the radar ensures the detection of weak microwave backscatter from hydrometeors,

while internal calibration modes maintain the linearity and precision of the signal processing system.

In our study, we used cloud-related microphysical parameters derived from the CPR-ATLID synergy cloud algorithm, as

described in Okamoto et al. (2024) and Sato et al. (2025). Specifically, we utilized the updated vBb/v1.1 version of the al-185

gorithm, which provides cloud masks and cloud type classifications. This version also improves detection near the ground by

reducing surface clutter contamination compared to previous versions. The dataset includes Level 2 cloud and precipitation

microphysics retrievals from EarthCARE’s CPR, ATLID lidar, and multispectral imager.

3.2 GPM DPR

The Dual-frequency Precipitation Radar (DPR) onboard the NASA-JAXA Global Precipitation Measurement (GPM) Core190

Observatory is a flagship instrument for observing precipitation worldwide. The DPR consists of two co-aligned radars: the Ku-
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band Precipitation Radar (KuPR) operating at 13.6 GHz and the Ka-band Precipitation Radar (KaPR) at 35.5 GHz. Together,

they provide 3-dimensional observations of rainfall and snowfall, enabling accurate estimation of precipitation rates, drop size

distributions, and vertical precipitation structure. By comparing differential attenuation between the two frequencies, DPR

can distinguish between rain and snow, improving sensitivity to light precipitation and snowfall in mid-latitude regions. The195

dual-frequency capability enhances the accuracy of hydrological and meteorological analyses, supports numerical weather

prediction, and allows scientists to study storm microphysics in unprecedented detail (Hou et al., 2014).

Each radar has a nadir spatial resolution of approximately 5 km with a range resolution of 250 m, covering a swath of up to

245 km. The high sensitivity and advanced calibration techniques of DPR allow it to detect both weak and intense precipitation

over land and ocean, day and night, providing vital data for climate research, hydrological studies, and weather forecasting200

(Hou et al., 2014; Skofronick-Jackson et al., 2017).

For our study, we used precipitation and environmental data from Version 07 of the GPM DPR Precipitation Profile L2A

dataset (GPM_2ADPR) (GPM Science Team, 2021; Iguchi et al., 2024). This dataset provides single- and dual-frequency-

derived precipitation estimates from the Ku- and Ka-band radars onboard the GPM Core Observatory. The products include

precipitation retrieved from the wide-swath Ku-band (245 km), the narrow-swath Ka-band (125 km), and dual-frequency mea-205

surements over the narrow swath. For dual-frequency retrievals, the inner swath fields of view of Ku- and Ka-band measure-

ments are co-aligned, allowing derivation of particle size distribution and improved estimation of rainfall rate and equivalent

liquid water content (Precipitation Processing System (PPS) At NASA GSFC, 2021; Iguchi et al., 2024).

These DPR retrievals also include environmental profiles assumed in the Level 2 retrieval algorithm, such as atmospheric

temperature, pressure, and water vapor. The radar measurements are performed at each range bin along the slant path of the210

radar instrument field of view (IFOV) (GPM Science Team, 2021).

Iguchi et al. (2024) discusses Multiple Scattering (MS) as an error source in DPR retrievals, particularly at the Ka-band. The

retrieval algorithm includes a Trigger module (TRG) which utilizes an experimental method specifically designed to detect and

quantify the degree of MS and Non-Uniform Beam Filling effects within a precipitating profile. Although the lower-frequency

Ku-band is rarely impacted, the algorithm computes quantitative MS metrics for both bands that can be beneficial for the215

quality control of the retrievals (Iguchi et al., 2024).

3.3 CloudSat CPR

CloudSat, launched in 2006 into a sun-synchronous orbit at an altitude of approximately 700 km, was designed to investigate

the role of clouds in the climate system. It carried a CPR, which operates at 94.05 GHz with a bandwidth of 0.3125 MHz,

providing radar reflectivities with a vertical resolution of 500 m. CPR measurements are averaged onboard over 0.16 s, yielding220

a footprint of 1.4 km by 1.7 km. These are further averaged during ground processing to an along-track resolution of 3.5 km

(Stephens et al., 2002). In this study, we used radar reflectivity from the CloudSat Level 2B-GEOPROF-R05 dataset (Marchand

et al., 2008), which ensures significant radar echoes from hydrometeors rather than noise or clutter.

Cloud liquid and ice water content profiles were obtained from the Release 05 Level 2B-CWC-RVOD dataset, derived from

CloudSat radar reflectivity and Aqua MODIS cloud optical depth using the algorithm described in (Leinonen et al., 2016).225
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Inputs to this algorithm include CloudSat radar reflectivity (Marchand et al., 2008) and MODIS cloud optical depth onboard

Aqua (Platnick et al., 2003). Snow water content was obtained from the Level 2C Snow Profile (2C-SNOW-PROFILE) dataset

(Wood and L’Ecuyer, 2018), retrieved using an optimal estimation technique. Due to ground clutter, the base of the retrieved

snow layer may be truncated above the surface (Wood and L’Ecuyer, 2018). While graupel is not explicitly retrieved, it is likely

encompassed within the ice water content. Moradi et al. (2023) demonstrate that fully swapping the ice water content between230

ice clouds and graupel can introduce differences of up to 5 dBZ in the heavily convective regions of tropical cyclones, although

in most areas the differences are substantially smaller. Hail was not considered in RT simulations due to the absence of hail

water content retrievals.

Finally, ERA-Interim atmospheric profiles of temperature, water vapor, and pressure (Dee et al., 2011) were interpolated to

CloudSat geolocations and used as input for CRTM. These profiles have been validated against both satellite observations and235

in-situ radiosonde data (Virman et al., 2021), and are considered sufficiently accurate for calculating gaseous attenuation.

4 Results

The results are categorized into three sections: first, evaluating the CRTM forward model for the Ku/Ka and W bands; second,

investigating how the particle size distribution impacts reflectivity calculations in the Ku/Ka band; and finally, exploring the

impact of the shape of the snow particles on reflectivity computations for the W band.240

4.1 Evaluation of the forward model

Evaluating a forward radiative transfer model at radar frequencies requires atmospheric variables such as pressure, temperature,

and water vapor, in addition to hydrometeor profiles including cloud liquid, ice, rain, and snow water contents. While the

DPR frequencies are primarily affected by rain backscatter, the CPR W-band is more sensitive to backscatter from frozen

hydrometeors, though backscatter from low-altitude rain can also be important. Although liquid cloud droplets are typically245

too small to contribute directly to backscatter, they affect the measured reflectivity through attenuation.

As noted earlier, there are several sources that can be used to validate a forward model. For this study, we have employed

retrieval products to avoid temporal and spatial mismatches with the observations. While we acknowledge that these retrievals

also depend on RT simulations, CRTM is not used in retrieving these products. Therefore, we consider these retrieval products

a reliable independent source for validating the CRTM. Table 2 show the habits, including the shape, used in CRTM simulations250

for each instrument.

Table 2. Cloud water content and related shapes used in CRTM simulations for each sensor.

Instrument/Habit Liquid Rain Ice Snow

GPM DPR Sphere Sphere

CloudSat CPR Sphere Sphere Sector Snowflake

EarthCARE CPR Sphere Sector Snowflake
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We evaluated the forward model using multiple overpasses from CloudSat CPR and GPM DPR during hurricanes, as well

as global observations from EarthCARE CPR. The CloudSat CPR data are from August 19, 2023, with over 160,000 valid

observations; the EarthCARE CPR data are from the first week of May 2025, with over 12 million valid observations; and the

GPM DPR data are from several days in September 2017, with more than 50 million valid global observations. We screened255

out any observations below the minimum detectable reflectivity thresholds proposed in the literature for these instruments:

15.46 and 19.18 dBZ for GPM DPR Channels 1 and 2 Liao and Meneghini (2022), -30 dBZ for CloudSat CPR Arulraj and

Barros (2017), and -35 dBZ for EarthCARE CPR Wehr et al. (2023).

Table 3 summarizes the mean, standard deviation, and selected percentiles of the differences between simulated and observed

reflectivities for all three instruments using global observations. The results presented here are based on attenuated reflectivity,260

unless noted otherwise. The PSDs used in the simulations are summarized in the table. The PSD for frozen hydrometeors

follows Field et al. (2007), while those for rain and liquid clouds are based on either Thompson et al. (2008) or Abel and

Boutle (2012).

For EarthCARE CPR, the simulated reflectivities are on average slightly higher than observations by 0.59 dB, with a stan-

dard deviation of 6.18 dB. The percentile distribution shows that 90% of the differences are within 10 dB, the median (P50)265

difference is 1.03 dB, and half of the cases have differences smaller than 5 dB.

CloudSat CPR also shows a positive bias, with simulations exceeding observations on average by 2.62 dB. The spread is

similar to EarthCARE, with a standard deviation of 6.46 dB. The median difference is 3.34 dB, and 50% of the cases have

absolute differences below 9.0 dB.

In contrast, GPM DPR shows a negative bias for the Ku-band (channel 1) global data, with an average difference of −2.04 dB270

and a narrower spread (standard deviation 3.39 dB). The Ka-band (channel 2) global results are closer to neutral, with a mean

difference of −1.46 dB and slightly larger variability (Std 3.76 dB). Finally, for the DPR Ku and Ka bands results using the

Abel 2012 PSD, the biases are strongly negative at −22.87 dB and −22.68 dB, respectively, with similar spreads to the results

from the Thompson 2008 PSD (3.3–4.2 dB).

Inst Chan PSD (Ice/Liquid) Mean Std P5 P25 P50 P75 P95 #obs

CPR-EarthCARE 1 F07/T08 0.59 6.18 -9.81 -3.58 1.03 4.89 10.11 11,824,500

CPR-CloudSat 1 F07/T08 2.62 6.46 -6.33 -3.69 3.34 8.91 11.22 160,921

DPR-GPM 1 F07/T08 -2.04 3.39 -6.50 -4.01 -2.62 -0.44 4.40 45,064,500

DPR-GPM 2 F07/T08 -1.46 3.76 -5.71 -3.66 -2.43 -0.23 8.73 15,381,959

DPR-GPM 1 F07/A12 -22.87 3.36 -27.52 -24.76 -23.39 -21.11 -16.66 9,989,693

DPR-GPM 2 F07/A12 -22.68 4.19 -27.50 -25.21 -23.77 -21.33 -12.04 3,341,397
Table 3. Statistics of the differences between simulated and observed reflectivities are reported, including the mean, standard deviation (Std),

percentiles from the 5th (P5) to the 95th (P95), and the number of observations (nobs). The PSDs for liquid and frozen hydrometeors are

also included in the table: F07 indicates Field 2007 PSD, T08 indicates Thompson 2008 PSD, and A12 indicates Abel 2012 PSD. We used

sector snowflake to represent snow particles.
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Figure 1. Simulated vs. observed CloudSat CPR reflectivities for Hurricane Bill on August 19, 2009, at 17:19 UTC. Simulations include

contributions from liquid cloud, ice cloud, and snow water content.

Figure 1 shows simulated versus observed attenuated reflectivity values for CloudSat CPR on August 19, 2009, at 17:19:00275

UTC. During this time, CloudSat passed over the eye of a tropical cyclone, providing excellent vertical profiling. The input

hydrometeor profiles were obtained from a retrieval dataset derived from multiple instruments aboard NASA’s A-Train constel-

lation (Leinonen et al., 2016; Wood and L’Ecuyer, 2018). Simulations and observations are shown only for atmospheric layers

above the melting level (273 K), since the simulations do not account for rain effects. As shown in Table 2, rain backscatter

was excluded from simulations for CloudSat CPTR, because no reliable rain water content was available that was collocated280

with the CloudSat CPR observations. However, since the CPR 94-GHz radar is primarily sensitive to frozen hydrometeors,

excluding rain water content while not ideal, is unlikely to have a substantial impact on the results.

Since no EarthCARE overpasses of tropical cyclones were available during the relatively short period of data coverage, we

used simulations from a global dataset to compare with CPR observations from both EarthCARE and CloudSat (Figure 2). As

described in Section 3 and summarized in Table 2, the EarthCARE retrieval dataset does not provide separate water content285

values for ice and snow particles. Therefore, the EarthCARE simulations include only liquid cloud water and snow, whereas

the CloudSat simulations include liquid cloud, ice cloud, and snow water content.
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Figure 2. CPR simulated reflectivities from both EarthCARE (left) and CloudSat (right) compared with observed reflectivities using a global

dataset. Multiple percentiles are also plotted, including the 5th (P5), 25th (P25), 50th (P50), 75th (P75), and 95th (P95). The mean (µd) and

standard deviation (σd) of the differences, as well as number of observations (#obs) are also displayed on the plots.

Overall, the simulated reflectivities from both sensors show good agreement with the corresponding observations. The Earth-

CARE CPR simulations show a smaller mean difference from the observed reflectivities (0.59 dBZ) compared with CloudSat

(2.62 dBZ). However, the percentile distributions show that simulations for both sensors tend to overestimate the observa-290

tions at lower reflectivities (approximately below 0 dBZ). For EarthCARE CPR, the simulations additionally underestimate the

observations at reflectivities above 0 dBZ.

Several factors contribute to discrepancies between observed and simulated reflectivities. These include differences in PSDs

and particle shape assumptions used in the CRTM calculations compared with the assumption made during retrieving these

products from observations, uncertainties in the input profiles, and the exclusion of certain hydrometeor types from the sim-295

ulations. For CloudSat, rain water content is excluded, but liquid, ice, and snow water contents are included in the forward

calculations. The CloudSat retrievals assume lognormal PSDs and spherical Mie scattering. In contrast, our forward model

assumes a generalized gamma PSD for liquid cloud particles and the Field (2007) parameterization for frozen hydrometeors,

which combines an exponential distribution for small particles with a gamma distribution for larger particles (see Table 1).

EarthCARE simulations include Mie-based spherical liquid cloud particles and sector snowflake habit for frozen hydromete-300

ors; however, unlike the CloudSat simulations, ice water content is not included. Notably, the assumptions made in EarthCARE

CPR retrievals are more consistent with the assumptions made in our simulations that use non-spherical DDA-based scattering

calculations and a modified gamma PSD for frozen hydrometeors. Therefore, the underestimation of EarthCARE reflectivities

at higher reflectivities may therefore be, at least partly, attributed to the exclusion of ice water content in the forward model

calculations.305

Figure 3 shows observed versus simulated GPM DPR reflectivities for three different tropical cyclones from 2017. Unlike

CPR, which has a narrow, nadir-viewing beam, the DPR features a wider swath width. As a result, the field of view covering
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the cyclone’s eye was not necessarily located at nadir, and in some cases, DPR did not capture observations directly over the

storm center. Consequently, the eye of the cyclone may not be visible in these plots.

DPR observations are primarily sensitive to precipitation and liquid cloud water content, and thus reflectivities exceeding the310

sensitivity threshold are mostly observed below the melting layer. Across all three cyclones, there is strong agreement between

observed and simulated reflectivities. For these simulations, we used CRTM cloud coefficients generated using the Thompson

PSD (Thompson et al., 2004, 2008), and included both liquid cloud and rain water content as shown in Table 2.

4.2 Impact of PSD on Ku/Ka

As shown in Equations 4 and 6, the particle size distributions are used to compute bulk backscattering coefficients from single-315

particle scattering properties. Over the years, many PSDs have been developed, typically tailored to individual hydrometeor

types such as rain or snow. PSDs may be defined using single- or double-moment schemes and often require input parameters

such as effective radius or water content. The bulk scattering databses used in fast radiative transfer models are generally

parameterized based on the input required by PSD (water content or effective radius), frequency, and temperature.

Figure 4 shows GPM DPR observations compared with simulations conducted using either Abel (Abel and Boutle, 2012)320

or Thompson (Thompson et al., 2008, 2004) PSDs. Simulations based on the Abel and Boutle (2012) PSD systematically

underestimate observed reflectivities, showing a consistent bias of more than 22 dBZ. These simulations rarely exceed 40

dBZ, whereas observations reach up to 60 dBZ. In contrast, simulations using Thompson et al. (2004) PSD show much better

agreement with observations, both in magnitude, reaching reflectivities up to 60 dBZ, and in reduced systematic bias.

In the case of simulations based on Thompson et al. (2004) PSD, the agreement is notably strong. In both bands, the 25th325

and 75th percentiles are very close to the median (50th percentile), showing that half of the data have a difference close to

the median. The retrieval database used to prepare the input water content profiles required by CRTM did not include water

content for frozen hydrometeors such as snow and ice, see Table 2. As a result, these simulations do not account for frozen

hydrometeors, which may contribute additional reflectivity in certain cases and could explain some of the residual discrepan-

cies. However, because DPR frequencies are primarily sensitive to rain and liquid cloud, excluding frozen hydrometeor water330

content, while potentially affecting specific situations such as heavy snow, is unlikely to have a large impact on the overall

results.

The PSD by Abel and Boutle (2012) is based on an exponential distribution, while both PSDs used in GPM DPR retrievals

and Thompson PSD are based on the Gamma distribution. This difference in the assumed PSD shape may explain some of the

discrepancies between simulations using the Abel PSD and observations. However, the magnitude of the difference suggests335

that the root cause is likely more than just the choice of size distribution alone, potentially indicating a fundamental deficiency

in the PSD formulation by Abel and Boutle (2012).

4.3 Impact of Cloud Type on W-band

This section explores the sensitivity of the EarthCARE W-band to various particle shapes for snow water content. The CRTM

includes an extensive scattering database for snow and other frozen hydrometeors (Moradi et al., 2022), which we utilized340
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Figure 3. Observed vs. simulated GPM DPR reflectivities for Ku (left) and Ka (right) bands during Hurricane Irma (September 5, 2017,

16:50 UTC), Hurricane Maria (September 18, 2017, 02:01 UTC), and Hurricane Jose (September 18, 2017, 03:39 UTC).
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Figure 4. Impact of PSD on simulated GPM DPR reflectivities using a global dataset: comparison between Thompson et al. (2004) PSD

(top) and Abel and Boutle (2012) PSD (bottom). The left panels show the KuPR channel, and the right panels show the KaPR channel. The

5th, 25th, 50th, 75th, and 95th percentiles are also shown to indicate how the data are distributed. The mean (µd) and standard deviation (σd)

of the differences, as well as number of observations (#obs) are also displayed on the plots.

15



to evaluate the impact of different snow hydrometeor shapes on simulated reflectivity. However, the CRTM cloud scattering

database includes only spherical particles for rain; therefore, we have limited this sensitivity study to the W-band, as DPR

frequencies are primarily sensitive to rain.

Figure 5 illustrates the sensitivity of CPR W-band to various shapes used to define scattering based on snow water content.

Since attenuation can be influenced by several hydrometeor types as well as water vapor, we focus here on attenuation corrected345

reflectivity to isolate the effects of particle shape.

Figure 5 shows the differences in W-band reflectivity computed using various frozen hydrometeor habits: large plate ag-

gregate (LPA), sector snowflake (SSF), flat three-bullet rosette (F3BR), icon snow (Icon), gem snow (Gem), large column

aggregate (LCA), and six-bullet rosette (6BR). LPA is used as the reference habit, as it generally produces the highest reflec-

tivity values, making it easier to interpret differences relative to it.350

Overall, the differences between reflectivities are more pronounced at lower reflectivity values. The smallest differences are

seen between LPA and Gem snow, followed by LPA and SSF. For F3BR, the difference compared to LPA is about −4 dBZ

at lower reflectivities, decreasing to approximately −2 dBZ for higher reflectivity values. The difference between LPA and

LCA remains around 4 dBZ, while Icon snow and 6BR differ by approximately 2 dBZ relative to LPA. It should be noted

that when these differences are converted to physical units, such as mm6/m3, the absolute differences become much larger at355

higher reflectivity values. For instance, at −30 dBZ with a 4 dBZ difference, the difference in linear units is approximately

1.51× 10−3 mm6/m3, whereas at 30 dBZ with a 1 dBZ difference, it is approximately 2.59× 102 mm6/m3.

Previous studies by Geer and Baordo (2014) and Moradi et al. (2022) have demonstrated that it is possible to identify the

optimal particle shape that produces the best agreement with observations for a specific NWP system. While it is not practically

feasible to determine the exact hydrometeor shape present in each model grid box, and in reality, multiple shapes may coexist,360

this analysis can guide the selection of the most compatible particle shape for a given NWP model.

5 Conclusions

In this study, we evaluated the performance of a radiative transfer model across multiple radar frequencies using observations

from EarthCARE CPR, GPM DPR, and CloudSat CPR. The analysis focused on both the sensitivity of different frequencies

to hydrometeor types and the impact of PSDs and hydrometeor shape assumptions on simulated radar reflectivities.365

Our results demonstrate that forward simulations using well-characterized PSDs and hydrometeor profiles can reproduce

observed reflectivities with good accuracy, particularly when using retrievals aligned with radar measurements.

We showed that different snow particle habits introduce systematic differences in simulated reflectivities, with the choice

of hydrometeor shape affecting the agreement with observed W-band data by several dBZ. These findings support the idea

that radiative transfer model accuracy is highly dependent on appropriate microphysical assumptions, particularly for high-370

frequency radar bands.

Similarly, GPM DPR simulations were shown to be highly sensitive to the choice of PSD, with the Thompson PSD (Thomp-

son et al., 2004, 2008) producing reflectivity magnitudes more consistent with observations than the Abel PSD (Abel and
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Figure 5. Impact of snow hydrometeor shape on simulated radar reflectivity. Values indicate the difference between simulations using each

particle shape and those using the LPA habit.
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Boutle, 2012)
:
.
::::::::
However,

:::
this

::::::::
apparent

::::::::::
consistency

::::::
should

:::
be

:::::::::
interpreted

:::::::::
cautiously,

:::::
since

:::
the

::::::::
retrievals

::::
used

:::
as

::::
input

:::
to

:::
the

::::::
CRTM

:::
are

:::
not

::::
fully

::::::::::
independent

:::
of

:::
the

::::::::::
observations

::::
and

:::::::::
themselves

::::
rely

:::
on

:::::::::
underlying

::::
PSD

:::::::::::
assumptions.

:::
As

:
a
::::::

result,
:::::
these375

::::::
findings

:::::
may

:::::
reflect

:::::::
greater

::::::::::
consistency

::::
with

:::
the

:::::::::::
assumptions

:::::::::
employed

::::::
during

:::
the

:::::::
retrieval

:::::::
process

:::::
rather

::::
than

:::::::::
definitive

:::::::
evidence

::
of

::::::::::
deficiencies

::
in

::::
any

::::::::
particular

::::
PSD,

::::::
which

:::::
would

::::::
require

:::::::::::
independent

::::::::
evaluation

:::::
using

::
in

::::
situ

::::::::::::
measurements.

Future work will include expanding the analysis to cover more hydrometeor types (e.g., hail, graupel), and also determining

observation errors for the assimilation of spacebrone radar observations in the NWP models.
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