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Abstract. A-This study proposes a fast radiative transfer model{RTFM), ARMS-gb, capable-efsimulating-designed to simulate

brlghtness temperatures observed by ground -based microwave radiometers (GMRs)ﬁ—pfepe%edﬂﬂ—fhﬂ—%udy—Severahmpfevemem%

improve-simulation-aecuraey. ARMS-gb employs a clear-sky radiative transfer (RT) solver to account for atmospheric thermal
emissions, while gaseous absorption is estimated using a statistical regression scheme. To enhance simulation accurac

articularly in moist environments—When

i, seven humid profiles from the Universit

of Maryland at Baltimore County 48-profile dataset are added to the European Centre for Medium-Range Weather Forecasts
83-profile dataset to train the gaseous absorption scheme. Additionally, an advanced water vapor vertical interpolation mede
is-also-ineorporated;—which-generatly-proves-more-aceurate-than-that-method is incorporated, offering improved accuracy.
compared to the interpolation method used in RTTOV-gb. Bias-dreps—can—reach-up-to-0-19-Kfor-mean-biases(AVG)and
The standard deviation is reduced by 0.15K for-standard-deviation(STD)-in channels with strong water vapor absorp-
tion. Jacobian calculated by these two i mmodes are also differdifferent. To further validate fhe—perfermaﬁeeﬂf

erformance, simulations using both ARMS-gb and RTTOV-gb %mg-temgwwwwservatmns from
two GMRsunde

Background analyses demonstrate that ARMS-gb align-aligns well with RTTOV-gb well-and-can-achieve-smater-STb-in-water

Vaperﬂbsefpﬁefrelwﬂﬂe}sand achieves smaller STDs under high-humidity conditions. Furthermore, the ealibration—time-is
ies-ability of ARMS-gb compared-to-original-observation

ityto monitor GMRS’ observational quality is demonstrated.
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1 Introduction

Ground-based microwave radiometers (GMRs) are considered vital tools in meteorological research due to their ability to
provide continuous, high-temporal-resolution observations of atmospheric thermal-thermodynamical variables (Cimini et al.,
2006; Wei et al., 2021). These instruments can operate under all-sky conditions, making them particularly useful for monitoring
rapid changes within the planetary boundary layer (PBL). The PBL, which extends-may extend from the surface to a few kilo-
meters above, is a critical region where exchanges of heat, moisture, and momentum between the ground and the atmosphere
predominantly occur (Wu et al., 2024). Observations from GMRs offer a unique advantage for understanding PBL dynamics,
providing valuable insights into processes such as convection, turbulence, and boundary layer transitions (De Angelis et al.,
2017).

The assimilation of GMR observations into Numerical Weather Prediction (NWP) models holds significant potential for en-
hancing forecast accuracy, particularly in the lower atmosphere. Current NWP models often face substantial uncertainties near
the ground surface due to both observational gaps and the complex physical processes within the PBL. By incorporating GMR
observations, temperature and humidity in the PBL can be more accurately characterized, leading to improved initial conditions
for NWP models (Illingworth et al., 2019; Leuenberger et al., 2020). Consequently, temperature and humidity profiles retrieved
from GMR observations have been assimilated into NWPs in previous studies (e.g., Caumont et al., 2016; Martinet et al., 2020).
These studies show that such indirect assimilations enhance the accuracy of forecasts involving temperature inversions and hu-
midity gradients, which are crucial for predicting fog and the initiation of convection. However, the performance of these
assimilations is often limited by challenges in estimating biases in GMR observations (Lin et al., 2023). This limitation can be
mitigated by directly assimilating the observed brightness temperatures (BTs) from GMRs. Vural et al. (2024) demonstrated
a positive impact on forecasting temperature and humidity in the PBL by directly assimilating BTs from two channels. The
advantage of direct assimilation of GMR observations is further highlighted when compared to indirect assimilation results in
forecasting extreme precipitation events (Cao et al., 2023). Radiative transfer models (RTMs) are essential in direct data assim-
ilation, as they map atmospheric parameters from NWP models into satellite or GMR observations. Numerous fast RTMs have
been developed for the direct assimilation of satellite observations, such as the Radiative Transfer for TOVS (RTTOV) (Saun-
ders et al., 2018; Hocking et al., 2021), the Community Radiative Transfer Model (CRTM) (Weng and Liu, 2003; Stegmann
et al., 2022; Karpowicz et al., 2022), and the Advanced Radiative Transfer Modeling System (ARMS) (Weng et al., 2020; Yang
et al., 2020). For use with GMRs, few RTMs are specifically designed for this purpose, with RTTOV-ground-based (RTTOV-gb)
(De Angelis et al., 2016; Cimini et al., 2019) being a notable exception. Unlike the traditional RTTOV, RTTOV-gb is optimized
to handle the unique geometries and atmospheric paths associated with GMRs. RFFOV-gb-is-While the coefficients for RTTOV.
are trained using AMSUTRAN (Turner et al., 2019), which-itself-is-based-en-the coefficients for RTTOV-gb are trained using
an updated version of the Millimeter-wave Propagation Model{MPMy(iebe; 19851989 Liebe-etal 19921993, as detailed
by Rosenkranz (1998) (hereafter referred to as R98). A further updated version of R98 is introduced by Rosenkranz (2017)
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hereafter referred to as R17), and its uncertainties are analyzed by Cimini et al. (2018). RTTOV-gb v1.0, now supports both

In addition to AMSUTRAN, R98 and R17, the Monochromatic Radiative Transfer Model (MonoRTM) can also provide
Line-By-Line (LBL) results of radiance and transmittance, and its accuracy in simulating upwelling radiative transfer (RT) has
been evaluated against AMSUTRAN (Cady-Pereira et al., 2021). On the other hand, for downwelling RT simulations, BTs
produced by different types of LBL models can vary significantly. A study comparing results from five different LBL models
found discrepancies as large as 1.5K in channel 1 of the MP3000A (Yang and Min, 2018), underscoring the importance of
using a reliable and accurate LBL model to train fast RTMs for optimal performance. However, there are few studies that
provide intercomparisons between fast RTMs trained with different microwave LBL models in downwelling RT simulations.

Furthermore, due to the use of terrain-following coordinates, the pressure levels in NWP models are not fixed, necessitating
vertical interpolation in both RTTOV and RTTOV-gb. Hocking (2014) compared five vertical interpolation methods within RT-
TOV, finding that the choice of interpolation mode affects not only the simulated BTs but also the Jacobian calculations. Kan
et al. (2024) proposed an advanced water vapor interpolation method, significantly reducing biases caused by vertical interpo-
lation in water vapor absorption channels of microwave sensors onboard satellites. It is important to evaluate the differences in
forward simulations and Jacobians caused by vertical interpolation modes from the perspective of GMR applications.

In this study, a new RTM (ARMS-gb) capable of simulating BTs observed by GMRs and their Jacobian is proposed. ARMS-
gb relies on a clear-sky RT solver and employs MonoRTM to train the gaseous absorption scheme. The accuracy of ARMS-gb
in moist environment is improved by expanding-enriching the training dataset and incorporating the advanced interpolation
mode proposed by Kan et al. (2024). This development also marks the first intercomparison between two fast RTMs for GMRs.
In the following section, each eemponents-component of ARMS-gb are-introdueced-is described in detail, including a-the clear-
sky RT-radiative transfer (RT) solver, the gaseous absorption schemeand-a-, and the Jacobian calculation module. In-section

AR

Section 3 s-investigates the accuracy of ARMS-gb is-investigated-by comparing its results to-that-with those of MonoRTM.
The improvements in accuracy achieved by enriching the training dataset are evaluated, and the impact of vertical interpolation
on both forward simulations and Jacobian calculations is alse-analyzed. In seetien-Section 4, we-compare-simulating-results
between-ARMS-gb and RTTOV-gb —Observations-are used to simulate real observations from two GMRs under different
climate conditionsare-tsed-as-trae reference-values—The-ability-, Observation Minus Background (OMB) analyses from the two.
RTMs are compared. Additionally, the capability of ARMS-gb to monitor GMRs™observationat quality is-also the observational
quality of GMRs is demonstrated. A summary is-given-in-seetion-of the findings is provided in Section 5.

2 Model Development

The primary objective of this study is to develop ARMS-gb capable of simulating BTs observed by GMRs. These BTs are
directly linked to downwelling radiances at the surface. Currently, ARMS-gb is limited to simulations under clear-sky condi-
tions; however, a particle scattering module will be integrated in the near future to extend its capabilities and enable simulations

under all-sky conditions.



2.1 Clear-sky RT equation

Without considering scattering effect, the RT equation (Liou, 1992) simplifies to

dI
o0 p 8 17y i), m

where I (7, ;1) represents the radiance. 7 and p are the optical depth in the vertical direction and the cosine of the viewing zenith
angle. A vertical measurement by a GMR corresponds to a zenith angle of 0°. The vertical distribution of the Planck function

B(7) is described by the linear-in-tau approximation (Toon et al., 1989; Zhang et al., 2016, 2018) in ARMS-gb as
B(7) = Bo(1+ B7), 2

95 where = (B1/By—1)/71. By and By are the Planck functions at the upper and lower boundaries of the atmospheric layer,
respectively. 7q is vertical optical depth of the atmospheric layer. After substituting Eq. (2) into Eq. (1) and solving Eq. (1), we
can get

(1—e9)
d

where d = 19 /p. 1(0, ) and I (79, ) are the downwelling radiances at the upper and lower boundaries of the layer, respectively.

I(1o,p) = I(0,p)e" ¢+ B; — Bye ¢ — (B, — By), (3)

100 In a multi-layer case, I(0, 1) can be obtained from results of the previous layer and I (7, ) will serve as the boundary input
for the next layer (Li and Fu, 2000; Zhang et al., 2017). Therefore, downwelling radiance is calculated layer by layer from the
Top Of the Atmosphere (TOA) to the ground surface. The boundary input at TOA equals the cosmic background radiance.

2.2 Gaseous Absorption

The accuracy of d in Eq.(3), which represents the effect of gaseous absorption at the GMR observed frequency, is critical
105 for the performance of RT simulations. To address this issue, we employ Optical Depth in Pressure Space (ODPS) (Saunders
et al., 1999; Chen et al., 2010; Hocking et al., 2021), a statistical regression scheme. ODPS involves two stages: training and
simulation processes. Recent improvements to both stages have been proposed by Kan et al. (2024) and assessed by comparing
their results to satellite observations. Most of these enhancements have been incorporated into ARMS-gb.
The ODPS training process titizes BEEMWES3profiles-as-its-primary-primarily uses the the European Centre for Medium-Range
110 Weather Forecasts (ECMWF) 83-profile dataset. To impreve-enhance simulation accuracy, particularly in moist environments,
we-atgment-this-dataset-this dataset is augmented with seven additional profiles (1st, 6th, 14th, 15th, 16th, 18th, and 20th)
from the University of Maryland at Baltimore County (UMBC) 48-profites-MeonoRTM-Clough-etal+(2605)48-profile dataset.
Fig. 1 presents statistical comparisons of the water vapor profiles from the ECMWEF 83-profile dataset and the seven additional
profiles from the UMBC 48-profile dataset. The maximum, mean, minimum values, and standard deviation of the ECMWE
of the troposphere. Furthermore, the upper bound for optical depth regression is extended. The impact of this augmentation on
simulation accuracy is discussed in Section 3.
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Figure 1. Statistical comparisons of the water vapor profiles from the ECMWF 83-profile dataset and the seven additional profiles from

the UMBC 48-profile dataset. The red, black and blue lines represent the maximum, mean and minimum values of the ECMWF 83-profile

dataset, respectively. The gray shaded area indicates the range within twice the standard deviation of the ECMWF 83-profile dataset. The

reen shaded area represents the range bounded by the maximum and minimum values of the seven additional profiles from the UMBC

48-profile dataset.

MonoRTM (Clough et al., 2005) is employed to calculate LBL transmittance at 7 observed zenith angles (0°, 36°, 48°,
55°, 60°, 63°, 70°). Water vapor absorption, oxygen absorption, ozone line absorption and nitrogen continuum absorption
are considered. In MonoRTM, line absorption calculation relies on HITRAN database (Gordon et al., 2022) and continuum
absorption is handled by the MT_CKD continuum model (Mlawer et al., 2012; Clough et al., 2005). As channel-dependent
Spectral Response Functions (SRF) are not available, the transmittance of GMRs’ channels is calculated as the mean of the
monochromatic transmittance in-channelspeetral-across the channel bandwidth V'

N fv Fj(”)dv

T = 4
ch,j fvdv ; ( )

where the subscript j refers to the transmittance from the surface to the j-th level. I, ; is the transmittance of an observed

channel and T'; (v) is the monochromatic transmittance. In practice, the channel bandwidth V' is divided into 256 intervals and
the integral in Eq. (4) is approximated by a discrete sum.

In ARMS-gb, water vapor is the only variable gas, while other gases are fixed during the training process. As a result, the

total transmittance can be written as

total
total __ ch,j mixed
FCh7j - T'mixed FChaj ’ o)
ch,j
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where T'total and Tmixed gre the total transmittance and the transmittance of all fixed gases, respectively. Following McMillin
ch,j ch,j g p Y. g

et al. (1995), We define the effective transmittance of water vapor I‘?hz?’* as

total
HyO,x ch,j
PCh,j - [mixed * (6)
ch,j

Both the water vapor absorption and overlap absorption are included in I‘gf?’*. A linear regression is applied to fit layer optical

depth related to I'™2ixed gnd 20

ch,j ch,j
NP
dj=D;—Dj1=Y Ci;Xij, (7
i=1

where d; is the layer optical depth of the j-th layer which is bounded by the j-th level and the (j+1)-thlevel. D; = —In(I'cp ;)
is the optical depth from the surface to the j-th level. X; ; and C} ; are predictors and corresponding fitting coefficients,
respectively. To achieve high accuracy, we construct a predictor pool first and then use the backward stepwise regression to
select the optimal combination of predictors. The detailed information about the predictor pool can be found in Appendix A.
Both the transmittance calculation and linear regression are performed at fixed 101 pressure levels. These pressure levels are
identical to those used in RTTOV-gb (Angelis et al., 2016), which are dense-denser below 2 km.

Most of NWP and reanalysis data have their own vertical coordinates whereas optical depth calculations are constrained to
the 101 levels. Consequently, in the ODPS simulation process, temperatures and water vapors from input pressure levels are
remapped onto the 101 levels using the Rochon interpolation (Rochon et al., 2007) for the purpose of calculating predictors.
After the optical depth calculations, the resulting D; values are interpolated back to the original input pressure levels via a
nearest-neighbour log-linear interpolation.

GMRs are sensitive to atmospheric parameters near the surface. To improve simulation accuracy, temperatures and water
vapor values at a height of 2 meters above ground level are used to correct the predictor values of the first layer above the
surface. Furthermore, Kan et al. (2024) has shown that the logarithm of partial pressure is more effective than mass or volume
mixing ratios in describing the vertical distribution of water vapor. In line with this finding, the unit of water vapor is converted
to partial pressure, followed by a vertical interpolation of the logarithm of water vapor partial pressure to the 101 levels. The

impact of this vertical interpolation on both forward simulation and Jacobian calculation is discussed in section 3.
2.3 Jacobian Calculation

Jacobian calculation is a crucial component of a RF-modelRTM. It is essential for inversion and data assimilation.The aim of
this calculation is to construct a K matrix that quantifies the sensitivity of radiances or BTs at each channel with respect to all

input parameters. K matrix can be represented as:

8[1/61‘1 6]2/6.131 8IN/8331
8[1/81‘]\4 (’9[2/(’930M 8IN/6$JW
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where N and M denote the number of channels and input parameters, respectively. For RT simulations, [V is generally much

less than M. There-are-three-methodsteo-obtain-In four-dimensional variational data assimilation systems, the K matrix :-the
finite-difference-method;-is handled by the tangent linear method-module and the adjoint method(Errico; 1997)—In-thefinite

module (Errico, 1997). The tangent linear module computes how small changes in the input parameters affect the RTM output.
It is developed by eomputing-deriving the derivatives for each step in the RF-model-The K-matrixis-deduced-through-the-chain

rileRTM. For example, in RT simulations, an input parameter x; contribute to the radiance vector I alone the path:
z;—d—1, 9)

where d and I represent the vector of optical depth and radiance at each channel. Correspondingly, the tangent linear module

can be expressed as

xTLj%ﬁ'wTLj%y'ﬁ'xTLy (10)
© o Oxj o o0d Oxj ’

To-obtain-the K—matrix;-The adjoint module is the backward counterpart of the tangent linear modulealse-must-be-repeated

A 1o N ORtra o-thefnite—d aranca math

how small changes in the RTM output affect the input parameters. This process is represented as:

Iapi— % Iap; — % : g% “Iap,- (11)
where t = |21 29 ... =z M] is a vector containing all input parameters. The-adjoint-method-only-requiresrepeating-this
proeessV-times-to-caleulate-the- K-matrix—In practice, we-first-develop-the tangent linear module and-then-derive-is developed
first, and the adjoint module is subsequently derived from it.

The tangent linear and the adjoint modules work together to update the initial state of NWP based on observational data
in four-dimensional variational data assimilation systems. The tangent linear module is used to evaluate how perturbations in
the state evolve, while the adjoint model determines how these perturbations should be adjusted to minimize the difference
between the RTM output and the actual observations.

3 Accuracy Evaluation of ARMS-gb

In this section, we investigate-evaluate the accuracy of ARMS-gb by comparing its results to thatef-MoeroRTM-—We-also-those
of MonoRTM and demonstrate the improvements achieved by enriching the training dataset. Additionally, we analyze the
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impact of vertical interpolation on both forward simulations and Jacobian calculations. The-evaluations-are-conducted-These
evaluations are performed using two datasets: the ECMWEF 83-83-profile dataset and the UMBC 48-48-profile dataset. Our
analysis includes results at seven observed zenith angles: 0°, 36°, 48°, 55°, 60°, 63°, 70°. ARMS-gb currently supports two
types of GMRs: the Humidity And Temperature PROfiler (HATPRO) and the MP3000A. The HATPRO, developed by Ra-
diometer Physics GmbH, has 7 K-band channels (channels 1-7) and 7 V-band channels (channels 8-14). The center frequencies
for each channel of the HATPRO are listed in Table 1. The MP3000A, designed by Radiometrics, provides observations at 22
distinct channels. The center frequencies for each channel of the MP3000A are presented in Table 2. Regarding bandwidths,
the HATPRO has different values for its channels: 230 MHz for channels 1-11, 600 MHz for channel 12, 1000 MHz for channel
13, and 2000 MHz for channel 14. In contrast, all channels of the MP3000A have a uniform bandwidth of 300 MHz.

Table 1. Center frequencies of HATPRO.

Channel 1 2 3 4 5 6 7
Frequency

2224 23.04 2384 2544 2624 27.84 31.04
(GHz)
Channel 8 9 10 11 12 13 14
Frequency

5126 52.28 53.86 5494 56.66 5730 58.00
(GHz)

Table 2. Center frequencies of MP3000A.

Channel 1 2 3 4 5 6 7 8
Frequency

22.234 22500 23.034 23.834 25.000 26.234 28.000 30.000
(GHz)
Channel 9 10 11 12 13 14 15 16
Frequency

51.248 51.760 52.280 52.804 53.336 53.848 54.400 54.940
(GHz)
Channel 17 18 19 20 21 22
Frequency

55.500 56.020 56.660 57.288 57.964 58.800
(GHz)
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To evaluate the accuracy of ARMS-gb, we use three metrics: mean bias (AVG), standard deviation (STD) and root mean

square error (RMS). These metrics are calculated as follows:

N . . N, . .
Zi:l [BTben(Z) - BTsirn(Z” Zizsl [BTben(Z) - BTsim(Z)}
N N

AVG = (12)

STD = \/27 1[BTbcn( ) BTSlm( ) AVG \/Z BTben( ) BTsun( )_ AVGP’ (13)
N Ng

(14)

)

RMS = \/Zv 1[BTb0n( ) 7 Slm \/Z BTben ) BTs1m( )]

where -Ng is the total number of samples. BT, are the benchmark values of BTs and BT;,, are simulated BTs. The bench-
mark values are calculated using MonoRTM as-feHewsthrough the following steps: (1) Calculate menochromatic-radianeethe
monochromatic radiance I(v); (2) Integrate the monochromatic radiance over the channel speetralrange-bandwidth V' to obtain

the channel-averaged radiance:

Jy I(v)dv
W. (15)

where HHe-is-the-monechromatieradianee-and-I., is the channel-averaged radiance. Similar to Eq. (4), the integral calculation

in Eq. (16) is also discretised as a sum, with the channel bandwidth V' divided into 256 intervals prior to summation.

Ich =

3.1 Effect of enriching the training dataset

Fig-

To evaluate the impact of enriching the training dataset, we trained two sets of fitting coefficients: one using the ECMWF
83-profile dataset (hereafter referred to as Coef EC83) and the other using the new training dataset (hereafter referred to as
Coef_New90). RT simulations based on these two coefficients are intercompared using the 101-level (a)shows-101L) ECMWF

83-profile and UMBC 48-profile dataset. The 101 pressure levels are specifically chosen to eliminate effects related to vertical
interpolation. AVG, STD and RMS ef-each-channel-of MP3606A—underfor each HATPRO channel are presented in Table

3. For the 101L ECMWF 8
0-1283-profile dataset, the accuracy of the two fitting coefficients is comparable, with the maximum RMS difference between

them being only 0.0078 K. Both coefficients achieve high accuracy: in channels 1-7 and 10, the RMS is approximately 0.03 K
while in channels 11-14, the RMS is less than 0.012 Kfer-al-ebserved-channels—Notably,—biasesfor-channels—between—,

However, biases are slightly larger in channels within the 51GHz-and—54 GHz aretarger-than-those-for-other-channels;-with
a-maximum-RMS-of-0-Hrange, with the maximum RMS exceeding 0.1 K at-in channel 9. This larger bias is attributed to the




Table 3. AVG, STD and RMS of each channel of HATPRO. RT simulations based on Coef EC83 and Coef New90 are performed under the
101L ECMWEF 83-profile and UMBC 48-profile dataset. MonoRTM serves as a benchmark to provide reference values for the comparison.

101L ECMWEF 83-profile dataset
Coefs. Channel 1 2 3 4 5. 6. 1
Coef EC83 AVG (K 0.0188 0.0139 0.0157 0.0167 0.0185 0.0194 0.0200

ARARAAA ARARTIY AR A AR ARSI AR A A AR

Coef New90 AVG(K) 00156 00123 00115 00150 00164 00186  0.0190

ARARARIAA AR AR AR AR AR AR

Coef EC83  STD(K) 00341 00316 00262 00251 00251  0.0266 00322

Coef New90  STD(K) 00366  0.0341 00290  0.0263 00261  0.0274 00334

AR AR AN ARRAA AR AR AR A RS

Coef EC83 RMS (K 0.0389 0.0345 0.0305 0.0301 0.0312 0.0329 0.0379

ARRAARIA T AR ARARRY AR AR AR ARG AR RS

Coef New90 RMS(K) 00389 00362 00312 00302 00308 00332 00384

ARAAAI ARAAAAL ARANIL AL ARAAAL AR A A

Coefs_ Channel 8 9 10 11 12 13 14
Coef EC83  AVG(K) 00121 00176 -0.0001  0.0007 00001  0.0007 0.0010

ARARAAA T AR RAAY T ARRRRA AR AR ARRAAIY T ARRAAA ARRAAA

Coef New90  AVG (K 0.0118 0.0042 0.0011 0.0006 0.0008 0.0006 0.0011

ARARAAA ARAARA T AARAAY AR ALY ARRAAY T ARRAAAY ARRAAA

Coef EC83  STD(K) 01018  0.0937 00385 00111 00037  0.0030 00027

Coef New90  STD(K) 01097  0.0989 00393  0.0109 00039  0.0030  0.0028

ARARAAA ARSI ARRAAS ARSI AR AR AR A

Coef EC83 RMS (K 0.1025 0.0954 0.0385 0.0111 0.0037 0.0031 0.0028

ARAARTIAL AR ARARRAY AR Y ARSI ARSI AR

Coef New90 RMS (K)  0.1103 00990 00393 00109 00040 00031  0.0031

ARNAAATL  ARAANAAL AARAASIAL AN AN AR A

Coefs Channel 1 2 3 4 5 6 1
Coef EC83  AVG(K) -11162 00630  -00737 -10613 -0.4619  0.1545  -0.5697

ARAAARL ARAARTIY A AR A Y AR AU AR AR ARRRAA

Coef New90  AVG(K) 00430  0.0378 00327 00322 00298  0.0303 0.0300

ARAARAA AR AL ARARR AN AT ARG ARG AR

Coef EC83 STD (K)  3.6620 0.1940 0.1666 2.6362 0.5401 0.4241 0.6797

AR AL A AR SRR SRR AR AAN AR RS

Coef New90 ~ STD (K) 00439 00329 00234 00207 00208 00230  0.0284

ARARATIAL AT L AR A AR AN AR AR KRS AR~

Coef EC83  RMS(K) 3.8283 02040 01822 28419 07107 04514  0.8869

ARSI AR A AR SRR A AU A AR

Coef New90 RMS (K) 00614 00501 00402  0.0383 00364  0.0380 00413

Coefs_ Channel 8 9 10 11 12 13 14
Coef EC83  AVG(K) -1.0710 -1.6026 -9.5989  -22629 -0.3528 -0.0325 -0.6618

ARTAAA AR AARRRKARA AR ARRRKRAR AR AR

Coef New90  AVG(K) 00323 00196 00062 -00019 -0.0038 -0.0035  -0.0022

ARSI A AR Y AR AR AR AR AR

Coef EC83 STD (K)  1.1384 6.1034 8.3056 2.3030 0.4600 0.0644 0.8740

ARAAAA AR A AARARAA SRR A AR AR RAAA AR A

Coef New90  STD(K)  0.1066  0.0978  0.0480  0.0240 00182  0.0160 00144

ARAAAA ARARAAA ARAAA AR AL AR ARRAAA A RAAA

Coef EC83 RMS (K 1.5630 6.3103 12.6934  3.2287 0.5797 0.0721 1.0963

AR A AR AR SR AN ARG AR RN AR

Coef New90 RMS(K) 0.1114  0.0998  0.0484  0.0240 00186  0.0164  0.0145

ARNAAAA ARNAAASAL AR~ AR AT AT A A A

10
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combined influence of temperature and water vapor, which deereasesreduces the correlation of layer opacity (De Angelis et al.,

2016). Fi ‘ A For the 101L UMBC

significantly higher accuracy compared to those using Coef EC83. In channels 9 and 10. the RMS values for Coef EC83
channels-8-10-are-larger-than-these-in-, In other channels, with-RMS-values-of- 0-HIG-01K-and-0-:04 KJn-contrastresults
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A ARNA oh FrAaE SEF sl

two orders of magnitude smaller than those for Coef EC83. Since similar results are observed for MP3000A channels, these
results are not presented in the paper.

3.2 Effect of Vertical Interpolation

To apply ODPS in RT simulations with profiles having different kinds of vertical coordinates, twiee-two vertical interpolations
are required. Previous studies have investigated the impact of different vertical interpolation modes on RT simulations and
Jacobian calculations for the satellite perspective. For instance, Hocking (2014) compared 5 vertical interpolation modes within
RTTOV. They found that using various vertical interpolation modes not only affects the simulated BTs, but also impacts
Jacobian calculations. This study aims to compare BTs and Jacobians calculated by two different vertical interpolation modes
for the GMR perspective. Detailed setups in these modes are summarized as follows:

Mode 1 is the default setting in RTTOV-gb (De Angelis et al., 2016; Cimini et al., 2019). The RTTOV-gb User Guide also
strongly recommends not to change the mode. In mode 1, both atmospheric parameters and optical depth are interpolated using
the Rochon interpolation (Rochon et al., 2007).

Mode 2 which is employed by ARMS-gb has been previously introduced (see Section 2.2). In mode 2, atmospheric param-
eters are interpolated using the Rochon interpolation, similar to mode 1. However, for optical depth, the nearest-neighbour
log-linear interpolation is used instead. Additionally, before interpolating water vapor, its unit is converted to partial pressure,
which allows for more accurate calculations.

Comparisons—are-performed-in-We implement both interpolation modes within ARMS-gb first and perform comparisons
across HATPRO channels. Atmospheric parameters are taken from the 54L. ECMWF 83-dataset-and-UMBE48-dataset—1n

the-benchmark-—calenlation83-profile and UMBC 48-profile dataset. For the benchmark calculations, we directly input 54L
temperatures and water vapor profiles into MonoRTM without any interpolation. Both mode 1 and mode 2 interpolate profiles

into 101L first and then interpolate optical depth back to 54L. To isolate the impact of the interpolation modes and exclude
differences related to the training process (e.g., LBL RTMs and the training dataset), only Coef New90 is used. Fig. 2(a) and
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Figure 2. (a) and (b): AVGs and STDs of simulated BTs at 7 observed zenith angles in HATPRO channels. RT simulations for both interpo-
lation mode 1 and 2 performed under the 5S4 ECMWF &3-83-profile dataset. MonoRTM serves as a benchmark to provide reference values
for comparison. (c) and (d): Same as (a) and (b), but with RT simulations performed under the 54L UMBC 48-48-profile dataset.

2(b) show-situations-under-illustrate results for the 54 ECMWF 83-83-profile dataset. In this case, mode 2 is-generally-more
aceurate-than-mede-t—generally outperforms mode 1 in terms of accuracy. In K-band channels, both AVGs and STDs of mode
2 are muchless-than-that-significantly lower than those of mode 1. In channel 4, bias-drops-eanreach-upt6-AVG and STD of
mode 2 are 0.19 K for-AVG-and 0.15 K for-STb-In-channeHower, respectively, compared to mode 1. In channels 8 and 9, AVG
of-for mode 1 is about 0.45 K while AVG-of-mode 2 is-reduces this bias to less than 0.01 K. STDs of-thesechannels-are-slightly

educed-when-wereplace-mode-with-mode 2-Theshghtly reduction-of STD-is-mainly-due-in these channels also show slight

reductions when mode 2 replaces mode 1. This modest reduction in STD is primarily attributed to ODPS regression error
whese-STDBreaches-which can reach up to 0.1 K in these two-channels. Comparisons are also performed under the 54L UMBC

48-48-profile dataset, which eontains-some-profiles-with-rich-water-vapoer-includes profiles with high water vapor content. In
channel 3, both AVG and STD effor mode 1 are 0.27 K while-AVG-and-STB-of- whereas mode 2 are-onty-achieves significantly
lower values of 0.04 K and 0.03 K, respectively. In channel 8, AVG ef-for mode 1 ean-be-reaches as high as 0.55 K while mode
2 reduces these-biases-to-this bias to just 0.03 K. Overall, the results show-indicate that mode 2 is generally more accurate than
mode 1, espeetally-particularly in channels with strong water vapor absorption.

12



275

280

285

Jacobian-caleulated-by-The Jacobians calculated by the two interpolation modes are also different. To evaluate this difference,
we use the 6-th-6th profile in the 54L UMBC 48-48-profile dataset. The profile is selected because it produces significant BT

differences between the two modes. The difference reaches up to 0.59 K at observed zenith angle 0° in channel 1. Fig. 3(a), 3(b)
and 3(c) show water vapor Jacobian at ehannel-channels 3, 6 and 10, respectively. Jacobian differences between mode 1 and
mode 2 are also shown. The results indicate that simulated BTs at channel 3 are very sensitive to water vapor located between
800 hPa and 1000 hPa. The values of water vapor Jacobian in this height range can exceed 5 K/log(g/kg). The maximum value
of water vapor Jacobian can reach 7.06 K/log(g/kg) in channel 3 while it is only 1.32 K/log(g/kg) in channel 10. The maximum
value of difference between two modes occurs at the first level above ground surface and reaches up to 0.61 K/log(g/kg) in
channel 3, 0.55 K/log(g/kg) in channel 6 and 0.14 K/log(g/kg) in channel 10. Situations of temperature Jacobian on channel 11,
channel 12 and channel 14 are shown in Fig. 3(d), 3(e) and 3(f), respectively. The simulated BTs at these channels are sensitive
to near-surface temperatures below 900 hPa. The maximum values of temperature Jacobian occur at 1033 hPa and can reach up
to 0.14 K/K in channel 11, 0.24 K/K in channel 12 and 0.28 K/K in channel 14. Comparing mode 1 with mode 2, we find that,
mode 2 reduces temperature Jacobian of channel 14 by 0.007 K/K at 1013 hPa but gives an increase of 0.01 K/K at 1050 hPa.
Similar results are also found in channels 11 and 12, but with smaller amplitudes.

Due to its similarity to that for the HATPRO channels, analysis for the MP3000A channels is not presented in the paper.

13



log(Q) Jacobian Diff [K/log(g/kg)]

03000306 030005306 03000506
400.0+—— 400.0+——7 400.0- =
(a) (b) (c)

T 500.0 500.0-1 500.0
e

5 600.0- 600.0 600.0

2 700.0 700.0 700.0

3 800.0- 800.0 800.0

@ 900.07 900.0- 900.0 L
1050.0- == 1050.0 < 1050.0- <
%0%0%0 00%0%0 %0%0%0
log(Q) Jacobian [K/log(g/kg)]
T Jacobian Diff [K/K]
2000 Lp x0.01 200040 x0.01 2000 Lo x0.01
400.0+—— 400.0+——1 400.04+—+—
(d) (e) ]

T 500.01 500.0 500.0
<

& 600.0 600.0 600.0

2 700.0 700.0 700.0

3 800.0- 800.0 800.0

& 900.0- 900.0 900.0

1050.0 1050.0- 1050.0-

T T T T T T
x0.01 Cpi5,%, x001 0pl5,%, x001 00i5,%,
T Jacobian [K/K]

Figure 3. (a), (b) and (c): Water vapor Jacobian analysis for ehanrel-channels 3, 6 and 10 of HATPRO. Water vapor Jacobian based on mode
2 is presented as black lines and Jacobian differences between two interpolation modes (mode 2 minus mode 1) are presented as red lines.
(d), (e) and (f): Same as (a), (b) and (c) but for temperature Jacobian analysis in different channels. The focus is on channel 11, channel

12, and channel 14 of HATPRO. RT simulations are performed under the 6-th-6th profile in the 54L. UMBC 48-48-profile dataset. Observed

zenith angle is set to 0°.
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4 Applications in Simulating Real Observations

In this section, we employ ARMS-gb to simulate real observations from GMRs in China. Three GMRs are selected: two are
used to provide true-reference-benchmark values for comparing the accuracy of ARMS-gb and RTTOV-gb, while the third is
utilized to demonstrate the ability of ARMS-gb to monitor observational quality. The temperature and water vapor profiles,
required as input for RT simulations, are derived from the 137L ERAS reanalysis dataset. Additionally, direct observations of
pressure, temperature, and humidity near the surface, provided by the meteorological sensor onboard GMRs, are also utilized
in the RT simulations in this study.

The ERAS reanalysis dataset (Hersbach et al., 2020) provides an exceptionally detailed representation of the atmosphere,
with its 137 vertical levels extending from the surface up to 0.01 hPa. These levels are not uniformly spaced and are more
densely packed near the Earth’s surface, allowing for a high vertical resolution that accurately captures atmospheric conditions
in this height range. This configuration is particularly well-suited for simulating GMRs’ observations, as it enables accurate
modeling of the PBL. In this study, ERAS is used with a temporal resolution of 1 hour and a horizontal resolution of 0.25° x
0.25°.

Prior to analyzing Observation-MinusBackground(OMB—-OMB based on RT simulations, two essential steps are per-
formed: strict collocation and cloud detection. Collocation involves ensuring that the time and spatial matches between ERAS
reanalysis data and GMR observations are precise. To mitigate biases caused by temporal differences, only observations from
GMRs on the hour are selected for analysis. A bilinear interpolation technique is applied to convert atmospheric profiles from
the four nearest ERAS grid points to the specific location of a GMR, using Euclidean-distance-based interpolation weights.
Cloud detection involves rejecting observations that meet certain criteria: (1) Observations during rain which are flagged by
rain sensors (Cimini et al., 2019); (2) Observations with high sky infrared temperature (>-30°C) (Martinet et al., 2015; De An-
gelis et al., 2016); (3) Observations with a standard deviation of ©MB-BTs in the window channel (near 31 GHz) exceeding
0.2K over a 10-minute period (Turner et al., 2007; Cimini et al., 2019). Finally, RT-simulations-are-performed-onlyunder
atmospherie-profiles-where-In addition, total column cloud liquid water content and ice water content are-both-tess-than-from
the ERAS reanalysis dataset are used as another index for cloud clearing, The threshold is set to 100 g/m? @Meradi-et-ak-2620)

4.1 €Compared-Comparison to RTTOV-gb

RTTOV-gb is a fast RF-medelRTM developed at the Center of Excellence in Telesensing of Environment and Model Prediction
of Severe Events (CETEMPS). It accounts gaseous absorption by ODPS which is trained by AMSUTRANA(Tarneret-al;2019)
R98 (Rosenkranz, 1998) or R17 (Rosenkranz, 2017). Additionally, the effects of clouds on observed microwave BTs are also
included in RTTOV-gb. A detailed description of the model can be found in De Angelis et al. (2016); Cimini et al. (2019). For

a comprehensive comparison between ARMS-gb and RTTOV-gb, please refer to Table 34, which summarizes their similarities
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and differences. In this study, coefficients trained by R98 is used for running RTTOV-gb. It is worth to compare the results of

ARMS-gb with those of RTTOV-gb using coefficients trained by R17, a comparison we plan to conduct soon.
The intercomparison period spans from November 1, 2023 to April 30, 2024, covering both winter and spring seasons. Two

GMR stations are selected for this study: Karamay, Xinjiang (84.85°E, 45.61°N) and Tanggu, Tianjing (117.79°E, 35.16°N).

The altitudes above sea level are 451.6 meters for Karamay and 27 meters for Tanggu. STD of surface pressures from the

four nearest ERAS grid points is approximately 15 hPa for Karamay and 5hPa for Tanggu, which reflects the situation of
surrounding orography. The climate at these two locations is distinct. Karamay has a dry continental climate with low humid-

ity. In contrast, Tanggu experiences a temperate semi-humid monsoon climate with higher humidity. These two stations serve
as representative examples of dry and relatively moist environments. The GMRs at both stations provide vertical measure-
ments with an observed zenith angle of 0°. The selection of both time period and station makes it suitable for comparing the
performance of ARMS-gb and RTTOV-gb in different atmospheric conditions. Due to the stability of the OMB trend during
this period, it is assumed that the quality of the tons1 i

channel-are-used-in-the-cloud-detection-processcalibration may be stable.

The GMR at Karamay is Airda-HTG4. It operates with center frequencies and bandwidths identical to those of HATPRO.
Following the collocation and cloud detection steps, a total of 1922 samples remain for analysis. Fig. 4(a-c) present the OMB
results obtained from both RTTOV-gb and ARMS-gb. Additionally, we calculate the daily STD using OMB over each individ-
ual day. The mean relative differences in daily STD between RTTOV-gb and ARMS-gb are depicted in Fig. 4(d-f). To assess
the statistical significance of these differences, a student’s T-test is performed, and the corresponding 95 % confidence interval
is indicated. This allows for a more rigorous evaluation between the two RT-medelsRTMs.

The results of-shown in Fig. 4 indicate-highlight significant differences in the behavior of ARMS-gb and RTTOV-gb across
various channels of Airda-HTG4 at Karamay. In ehannel-channels 1-8, ARMS-gb tends to overestimate BTs. In contrast, the
OMB median values of RTTOV-gb are much closer to 0 K in these channels. For instance, in channel 1, the OMB median value
of ARMS-gb is -0.98 K, while that-ef-for RTTOV-gb it is only -0.05 K. In ehannel-channels 9 and 10, abselute-values-of AVGs
of-the absolute AVG values for ARMS-gb exceed 2 K. RTTOV-gb also everestimate-overestimates BTs in these two channels,
with AVGs of -1.93 K in channel 9 and -1.34K in channel 10. Both ARMS-gb and RTTOV-gb demonstrate high accuracy in
channels 11-14, with-where the OMB median values of-both-the-two-models-for both RTM are less than 0.3 K. In terms of
daily STD, significant differences between the two RT-medels-oeceur-RTMs are observed in four K-band channels (ehannel
channels 4-7) and three V-band channels (¢hannel-channels 11, 13, 14). Specifically, compared to RTTOV-gb, the daily STD
of ARMS-gb is reduced by 0.75 % in ehannet-channels 5 and 6. The-OMBs-of- However, RTTOV-gb are-meore-stable-than-these
of-shows more stable OMBs than ARMS-gb in three V-band channels—Fhe-, with a mean relative difference of daily STD
between-the-two-medelsis-of 1.52 % in channel 14.

Additionally, radiosonde data are also used as input for RT simulations, and the results from RTTOV-gb and ARMS-gb are
compared. Scatterplots of simulated versus observed BTs are presented in Fig. 5, focusing on 5 K-band channels and 4 V-band
channels. After collocation and cloud detection, 163 samples are evaluated. In the K-band channels, RTTOV-gb simulations
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Table 4. The similarities and differences between ARMS-gb and RTTOV-gb.

ARMS-gb RTTOV-gb
Training 101L ECMWF 83-profile dataset plus 7 profiles
101L ECMWEF 83-83-profile dataset
Dataset from 101L UMBC 48-profile dataset
LBL Model MonoRTM AMSUTRANRI8 or R17
Overlap . .
Effective Transmittance
Absorption
Channel . . e .
Taking the mean of LBL transmittance within channel bandwidth
Transmittance
Input Atmospheric . .
Temperatures and humidity at each input pressure level
Parameters
Input Near Surface Temperature, humidity Temperature and
Parameters and pressure at 2m pressure at 2m
Interpolation Mode 2 in Mode 1 in
Mode Section 3.2 Section 3.2
Predictors 19 for I'%>°4; 15 for F?hzo’* 10 for I'%5*°4; 15 for F?}fo’*

Vertical Distribution . . o
Linear in tau approximation

of Planck Function

alien more closely with observations compared to ARMS-gb, exhibiting smaller OMB median values and STDs. ARMS-gb
tends to overestimate observations, consistent with the results in Fig, 4. In the V-band channels, RT simulation accuracy is
enerally higher than in the K-band channels, with correlation coefficients approaching 1.0. The OMB median values and

STDs from ARMS-gb are slightly lower than those from RTTOV-gb.
The GMR at Tanggu, YKW3, shares the same center frequencies and bandwidths as MP3000A. Fig. 56(a-c) present the

OMB results of the two RT-medels-RTMs based on 1845 statistical data. Notably, BTs simulated by ARMS-gb are more
closely aligned with observations than those of RTTOV-gb in ehannel-channels 1-8. In particular, the OMB median values of
RTTOV-gb show significant deviations from 0 K, with values reaching 3.28 K in channel 1 and 0.69 K in channel 8. In contrast,
ARMS-gb exhibits more accurate results, with OMB median values of enly-2.44 K in channel 1 and 0.26 K in channel +-and-8;
respeetively—tn-channel-8. In channels 12, 13, and 14, the AVG of RTTOV-gb are more closely aligned with 0K than those of
ARMS-gb. Both ARMS-gb and RTTOV-gb disptay-demonstrate similar accuracy in ehannel-channels 16-22, with differences
in OMB median values between the two models-RTM being less than 0.1 K. Fig. 56(d-f) show the mean relative differences
in daily STD between ARMS-gb and RTTOV-gb. In channel 2, the daily STD of RTTOV-gb is 0.98 % less-lower than that of
ARMS-gb. Conversely, in channel-channels 9-16, the daily STD of ARMS-gb is significantly less-lower than that of RTTOV-

gb, with a-maximum-relative-difference-oeeurring-the largest relative difference occurs in channel 12 and-reaching-at 2.59 %.
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Figure 4. (a-c): OMB of RTTOV-gb and ARMS-gb during the period from November 1, 2023 to April 30, 2024. Observations are from
Airda-HTG4 at Karamay. RT simulations are performed under the 137L ERAS reanalysis dataset. White markers indicate the median values
of each distribution. (d-f) Mean relative differences in daily STD between RTTOV-gb and ARMS-gb. Daily STD values are calculated using

OMB within each single day. Black bars represent the 95 % confidence range, indicating the statistical significance of these differences.

The minimum-value-of-smallest relative difference occurs in channel 16, at 0.22 %. OMB of results from ARMS-gb are-alse
shightly-more-stable-than-that-also show slightly greater stability than those of RTTOV-gb in ehannel-channels 17-22.

Similar to the Karamay case, RT simulations for the Tanggu case are also conducted using radiosonde data. Simulated BT's
from both ARMS-gb and RTTOV-gb are compared with observations, as shown in Fig. 7. After collocation and cloud detection
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Figure 5. Scatter of simulated vs. observed BTs for 9 out of the 14 channels of Airda-HTG4 at Karamay from November 1, 2023 to April 30,

2024. RT simulations are performed using radiosonde data. Orange represents results of RTTOV-gb; Green represents results of ARMS-gb.

After collocation and cloud detection, a total of 163 samples are analyzed in this case. The panel reports the correlation coefficients (cor), as

well as the median values (med) and standard deviations (std) of OMB.

148 samples are included in the comparison, with 12 out of the 22 channels selected for analysis. In channels 1 and 2, both

375 RTTOV-gb and ARMS-gb underestimate BTs. However, ARMS-gb provides more accurate results than RTTOV-gb, with

higher correlation coefficients and smaller OMB median values and STDs. In channels 4, 6, 7 and 8, the OMB median values
from ARMS-gb are closer to 0 K, while RTTOV-gb shows smaller STDs of OMB. For channels with central frequencies ranging
from 54.5 GHz to 58.8 GHz, both RTTOV-gb and ARMS-gb accurately simulate observed BTs, with correlation coefficients
for both RTMs reaching up to 0.98. The OMB median values and STD from ARMS-gb are slightly lower than those from

380 RTTOV-gb.
Performance of fast RF-medels-RTMs is influenced by several factors. A detailed description of channel characteristics and

the accuracy of the LBL model used for training are crucial in achieving accurate RT simulations. Moreover, the quality of
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Figure 6. Same as Fig. 4, but show.the situation of YKW3 at Tanggu.

the input profiles themselves can be a significant limitation. For instance, temperatures from ERAS reanalysis data have been
shown to have large systematic errors at altitudes between 2000-3000 m and relative humidity errors ranging from 40 % to
100 % over the range of 500-2500 m (Wei et al., 2024). This highlights the challenge in relying on current reanalysis data
for accurate thermal variables, particularly in the PBL. Furthermore, channel characteristics play a significant role in RT
simulations, especially when considering the SRF information. Studies have demonstrated that incorporating SRF information

can lead to substantial improvements in RT simulations from a satellite perspective (Moradi et al., 2020; Chen et al., 2021;
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Figure 7. Same as Fig. 5, but shows results for 12 out of the 22 channels of YKW3 at Tanggu from November 1, 2023 to April 30, 2024.
After collocation and cloud detection, a total of 148 samples are analyzed in this case.

Kan et al., 2024). We believe that incorporating SRF information could also enhance the accuracy of both RTTOV-gb and
390 ARMS-gb.
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4.2 Monitoring Observational Qualities

ARMS-gb offers real-time OMB information, which provides valuable guidance for evaluating observational qualities. This
is particularly important in assimilating GMR data in NWP. In this study, ARMS-gb is applied to monitor the quality of
observations from Airda-HTG4 located at Minfeng, Xinjiang (82.69°E, 37.07°N). The station’s altitude above sea level is
1410 meters, and STD of surface pressures from the four nearest ERAJ grid points is about 6 hPa. The time period examined
is-spans from September 1, 2023, to November 30, 2023. After collocation and cloud detection, 1922 samples are retained for
analysis.

The observational BTs as well as OMB of ARMS-gb in ehannel-channels 1, 8 and 14 are presented in Fig. 6—Channel-8,
Channels 1 and 14 serve as representatives of water vapor and temperature channels, respectively, while channel 8 is influenced
by both water vapor and temperature. Insights from the OMB results for channel 1 indicate that STD can be significantly
reduced through calibration, decreasing from 2.03 K to 0.98 K. The calibration time can also be clearly identified in the OMB
series of channel 8. Both AVG and STD values change noticeably before and after the calibration time. Specifically, AVG and
STD reach 4.60K and 0.61 K in September, respectively, but are reduced to -0.52 K and 0.33 K after calibration. In contrast,
observational BTs of channel 14 show little sensitivity to calibration. Both AVG and STD values for this channel remain
largely unchanged, with only some negative OMB values occurring during a short time period around the calibration time. The
observation series of these three channels highlights that it is challenging to evaluate the quality of observations without access

to OMB information. The results from ARMS-gb provide valuable insights into observational qualities.
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Figure 8. (2) and (b): Observations for channel 1 from Airda-HTG4 at Minfeng during September 1, 2023 to November 30, 2023 along with
the corresponding OMB series of ARMS-gb. (c) and (d): Same as (a) and (b) but show situations of channel 8. (e) and (f): Same as (a) and

(b) but show situations of channel 14. The green dashed line indicates the calibration time.
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5 Summary and Conclusions

GMRs can provide continuous observations with high temporal resolution. These observations are particularly useful for mon-
itoring rapid changes of temperature and humidity within the PBL. As a result, direct assimilation of GMR observations has
great potential in improving the performance of NWP, especially for the lowest few kilometres of the atmosphere. In this
study, we propose a RTM, ARMS-gb, capable of simulating BTs observed by GMRs. ARMS-gb can be used as an observation
operator to map atmospheric parameters into observations in a data assimilation system.

ARMS-gb is developed based on a clear-sky RT solver that accounts for atmospheric thermal emissions from TOA to the
ground surface, as well as the effects of gaseous absorption. An accurate description of gaseous absorption is critical for the per-
formance of RT simulations. To address this issue, we-emptoy-ARMS-gb employs ODPS, which utilizes the 101L ECMWF 83
profites-83-profile dataset as its primary training dataset. This dataset is augmented with seven additional profiles from BMBE

48-to-improve simulation-aceuracy-the 1011 UMBC 48-profile dataset. The humidity range of these additional profiles exceeds
This augmentation enhances the simulation accuracy of ARMS-gb, particularly in moist environments. In ODPS, MonoRTM
is employed to calculate the LBL transmittance at 7 observed zenith angles. To apply ODPS in RT simulations with profiles
having different types of vertical coordinates, twice-two vertical interpolations are required. In ARMS-gb, temperatures and
water vapors from input pressure levels are remapped onto the +64-Hevels-101L using the Rochon interpolation for calculating
predictors. The resulting optical depth values are interpolated back to the original input pressure levels via a nearest-neighbour
log-linear interpolation. Additionally, before interpolating water vapor, its unit is converted to partial pressure, which allows
for more accurate calculations. To satisfy the requirements of its applications in remote sensing and data assimilation, we also
develop the tangent linear as well as adjoint module of ARMS-gb and derive the analytical Jacobian-K matrix.

ARMS-gb currently supports two types of GMRs: the HATPRO-and-the HATPRO and MP3000A. Fhe-aceuracy-of ARMS-gb

is-evaluated-by-comparing-itsresultsto-those-obtainedfrom-MenoRTMTo evaluate the impact of enriching the training dataset

two sets of fitting coefficients are trained: one using the ECMWEF 83-profile dataset (Coef EC83) and the other using the new
training dataset (Coef_New90). Profiles from the EEMWE-83-dataset-and-the BMBE48-101L ECMWEF 83-profile and UMBC

48-profile dataset are used as input for RT simulations. I=-MonoRTM serves as the benchmark to provide reference values for
comparison. For the 101L eas i i ECMWEFE 83-profile dataset, the

accuracy of the two fitting coefficients is comparable, with the maximum RMS difference between them being only 0.0078 Kfer

SimulatedBTs—and-Jacobian—caleulated-by—two-different-. However, for the 101L UMBC 48-profile dataset, Coef New90
demonstrates significantly higher accuracy compared to Coef EC83. The RMS values of Coef New90 are one to two orders

of magnitude smaller than those of Coef EC83. Additionally, the effects of vertical interpolation modes are-compared-to-each
other-on forward and Jacobian calculations are evaluated from the perspective of HATRPO-ehannels—HATPRO channels.

Two different vertical interpolation modes are considered: Mode lis-, the default setting in RTTOV-gbwhile-, and mode 2is
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. employed by ARMS-gb. To isolate the impact of the interpolation modes, only Coef New90 is used to exclude differences
related to the training process. Under the 54 ECMWF 83-83-profile dataset, mode 2 is-generally-more-aceurate-than-generally
outperforms mode 1, espeetatty-particularly in channels with strong water vapor absorption. fa-For example, in channel 4, bias
drops-—eanreach-upto-AVG and STD using mode 2 are 0.19 K for-AVG-and 0.15 K fer-STDB-—In-channel-lower, respectively,
compared to mode 1. In channels 8 and 9, AVG of-for mode 1 is about-approximately 0.45 Kwhile-AVG-ef-, while for mode 2, it
is less than 0.01 K. STDs eof-these-channels-are-slightly reduced-when-wereptace-in these channels also show slight reductions
when mode 1 is replaced with mode 2. Jacobian-ecaleulated-by-The Jacobian values calculated by the two interpolation modes
are also different. Comparing mode 1 with mode 2, we-find-it is observed that mode 2 reduces the temperature Jacobian of
channel 14 by 0.007 K/K at 1013hPa-but-gives-an-inerease-of-hPa but increases it by 0.01 K/K at 1050 hPa. In terms of the
water vapor Jacobian, the maximum value-of-difference-between-difference between the two modes occurs at the first level
above the ground surface. The-difference-eanreach-In channel 3, this difference reaches up to 0.61 K/log(g/kg)in<channel-3
while-, while in channel 10, it is only 0.14 K/log(g/kg)in-channel-+0-,

To further validate the performance of ARMS-gb, we apply it in simulating real observations from GMRs and eempares
compare its results to that-those of RTTOV-gb. Input atmospheric parameters, such as temperature and water vapor profiles, are
derived from the 137L ERAS reanalysis dataset. The intercomparison period spans from November 1, 2023 to April 30, 2024
and-we-select-observations-from-2024. Airda-HTG4 located at Karamay, Xinjiang (84.85°E, 45.61°N) and YKW3 located at
Tanggu, Tianjing (117.79°E, 35.16°N) as-true-reference-valuesprovide actual observations. Significant differences are shown
observed in the behavior of ARMS-gb and RTTOV-gb across various channels of Airda-HTG4 at Karamay. In ehannel-channels
1-8, ARMS-gb tends to overestimate BTs, whereas the OMB median values of RTTOV-gb are much closer to 0K in these
channels. Both two-RTM-RTMSs demonstrate high accuracy in channels 11-14. In terms of daily STD, eompared-to-ARMS-gb
outperform RTTOV-gb +in channels 5 and 6, reducing the daily STD of ARMS-gb-isreduced-by 0.75 %in-channel-5-and-6-but
is-, However, in channel 14, the daily STD for ARMS-gb increased by 1.52 % in-channel-+4—tn-the-case-of Fanggucompared
to RTTOV-gb. Furthermore, radiosonde data are also used as input for RT simulations. and the results from RTTOV-gb and
ARMS-gb are compared. In the K-band channels, ARMS-gb tends to overestimate observations, consistent with the results

V-band channels, simulations of both RTTOV-gb and ARMS-gb show high accuracy, with correlation coefficients approachin
1.0.

Under the 1371 ERAS reanalysis dataset, BTs simulated by ARMS-gb are more closely aligned with observations from
YKW3 at Tanggu than those of RTTOV-gb in e¢hannel-channels 1-8. The daily STD of ARMS-gb is less-lower than that
of RTTOV-gb in ehannet-channels 9-22with-a-, with the maximum relative difference eeeurring-observed in channel 12and-,

reaching 2.59 %. We-atso Similar to the Karamay case, RT simulations are also conducted using radiosonde data for the Tanggu
case. The results show that the OMB median values from ARMS-gb are closer to 0K in most YKW3 channels. Notably, in
channels 1 and 2, ARMS-gb provides more accurate results than RTTOV-gb, with higher correlation coefficients and smaller
OMB median values and STDs. For channels with central frequencies ranging from 54.5 GHz to 58.8 GHz, both RTTOV-gh
and ARMS-gb accurately simulate observed BTs, with correlation coefficients for both RTMs reaching up t0 0.98.
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To demonstrate the ability of ARMS-gb to monitor observational quality, we utilize observations from Airda-HTG4 located
at Minfeng, Xinjiang (82.69°E, 37.07°N)to-demeonstrate-the-ability- of ARMS-gb-to-meniter-observational-quality. The calibra-
tion time can be clearly identified in the OMB series of channel 1 and 8. In contrast, observational BTs of channel 14 show little
sensitivity to calibration. Compared to observation series, OMB information from ARMS-gb provides more valuable insights
into observational qualities of GMRs.

We believe that the performance of ARMS-gb can be further improved-enhanced by incorporating SRF information into

ODPS. Selecting a reliable and accurate LBL model for training is also censidered-essential-for-enhaneing-essential for

improving the accuracy of RT simulations. For example, Larosa et al. (2024) incorporates the latest advancements in absorption
spectroscopy to improve RT simulation accuracy in the 50-54 GHz frequency range. An intercomparison among different

microwave LBL RTMs is necessary to construct a reliable transmittance dataset for the ODPS training process. In addition,
we plan to integrate a particle scattering module into ARMS-gb in the near futureto-, which will extend its capabilities ane-to

enable simulations under all-sky conditions. With the development of ARMS-gb, research about-on the direct assimilation of

GMRs™observations-GMR observations into NWP will be carried out soon.

Code and data availability. RTTOV-gb can be downloaded from the EUMETSAT NWP SAF website https://nwp-saf.eumetsat.int/site/
software/rttov-gb/ and MonoRTM is available at https://github.com/AER-RC/monoRTM/. The 137-level ERAS reanalysis data is available
from Copernicus Climate Data Store https://climate.copernicus.eu/climate-reanalysis. Observations from GMRs at Karamay, Tanggu and
Minfeng used in this study can be obtained from China Meteorological Administration Data As A Service (CMADaaS) under an available

license. Codes of ARMS-gb are available at https://zenodo.org/records/14032776.

Appendix A: Predictors for Optical Depth Regression

In this section, predictors for optical depth regression are specified. These predictors also refer to Matricardi et al. (2004);
De Angelis et al. (2016). Vari i i

* ref ref ( ; - rof / .+ brof ( ; ref /; ref

In Table A1, @ is the local zenith angle. In the optical depth calculation, 6 varys with height and then the Earth curvature
effect is taken into account (Chen et al., 2012).

As mentioned in section 2, the predictors calculation is performed on the fixed 101 levels. Correspondingly, in Table A+A2,
4 varys from 1 to 100 and refers to the j-th atmospheric layer. 7P™f (unit: K) and QP*°f (unit: g/kg) are input temperature and
water vapor mass mixing ratio. Both of them have been interpolated into the fixed 101 levels before the predictors calculation.
Tt and Q™ are same as TP™f and QP™! but from the reference profile. The reference profile is usually obtained by taking

the mean over the training dataset. We note that, T,,(100) is set to 0 (De Angelis et al., 2016).
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Table A1. The predictors pool used for optical depth regression.

Predictor Mixed Gas Water Vapor

1 sec(0) [sec(0)Q-]?

2 sec(0)T [sec(0)Qup)?

3 sec(0)[T]* [sec(6)Qup]*

4 T, sec(0)Q-dT

5 sec?(0) sec(0)Qr

6 T, 2 [sec(6)@, 10
7 sec(0)T,p sec(0)Qr

8 sec(0)[T7]? [sec(6)Q,]?

9 sec(0)+/sec(0)Tr [sec(6)Q.]*

10 sec(0)T sec(0)QrdT>
11 sec(0)Tw /T V/sec(0)Q,dT
12 sec(6) [sec(0)Q+]*/Qup
13 sec(0)[Tw]"?®  /sec(0)QrQr/Qup
14 sec(0)dT/[T;)? sec(0)[Qr]? /T
15 sec(0)dTs/[T+]? sec()) Q-] /[T+])*
16 sec(0)dT /T,

17 sec(0)dTz /T,

18 sec(0)dT

19 sec(0)dT»

Table A2. Variables used in the predictors calculation.

Psp(j) =P+ DIP(j+1) = P(j
T() = (TP N+ TG+ 1)/2 T*() = (T () + T +1))/2
) = (QU (1) A QY (+1))/2 () =(Q (D) A Qe (j+1))/2

T.() = TG Tuli) = Pse(DT: (1),
Top(G) = Xy Pop (DT (k)/S0_, Por ()T (K)

AT =T T AT(j) = dT()IATG)).

a0

Qup(4) = 4y Por(K)Q(K) /S04y Psp (k) Q" (k)
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