10

15

20

25

30

Direct assimilation of ground-based microwave radiometer
observations with machine learning bias correction based on
developmentsof RTTOV -gb v1.0 and WRFDA v4.5

Qing Zheng?, Wei Surt?, Zhiquan Li, Jiajia Mag, Jieying H&, Jian L?3, Xingwen Jiang®

lnstitute of Plateau Meteorology, China Meteorology Administratéirengdy610213 China

2State Key Laboratory of Severe Weather, Chinese Academy of Meteorological Sdimijieg, 100081 China
3Institute of Tibetan Plateau Meteorology, China Meteorological Administrafibangdy 610213 China
4National Center for Atmospheric ResearBbulder, 803073000 USA

SMeteorological Observation Center, China Meteorological AdministraBieijing, 100081 China

5National Space Science Cent€hineseAcademy of Science8eijing, 100199 China

Correspondence tdWVei Sun(sunwei@cma.gov.gn

Abstract. The application of grountiased microwave radiometelSNIWRS), which provide highquality and continuous
vertical atmospheric observations, has traditionally focused on the indirect assimilation of retrieved profiles. This study
advanced this application by developing a direct assimilation capabiliMWR radiance observations within the Weather
Research and Forecasting model data assimilation (WRFDA) system, along with a bias correction schemthbeaesediamm

forest technique. The proposed bias correction scheme effectively reduced the obserivatsina c k gr ound ( OT B
and standard deviations by88.K (97.1 %) and 1.63K (64.6 %), respectively. A series of tefay-long experiments
demonstrated that assimilati@MWR radiances improves both the initial conditions and the forecasts, with additional benefits
from higher assimilation fragencies. In the initial conditions, hourly assimilation significantly enhancedlcogl
temperature and humidity fields, reducing the noetansquareerror (RMSE) for temperature and water vapor mixing ratio

by 6.32% bel ow 1 Rmbahdwl598&m. These i mpr ove mereamperaiine tneln d e ©
humidity showed sustained benefits for over 12 hours, and precipitation forecasts exmipitacements to a certain extent

The timeaveraged Fractions Skill Score (FSS) fdr &cumulated precipitation within the B4orecasts increased by0@i

0.04 (3.9 10.2 %) for threshtdls of 3i 6 mm.

1 Introduction

Data assimilation (DA), a core component of numerical weather prediction (NWP), plays an important role in improving
forecast accuracy by integrating observational data to refine initial cond{Banr et al., 2015; Gustafsson et al., 2018)
Among various types of observations, microwave radiance data are crucial for DA due to their ability to penetrate the

atmosphere and their sensitivity to temperature, humidity, clouds, and precipitation. Corresporsditailgeborne
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microwave radiance observations have been extensively studied and are considered among the most influential contributors
data assimilation systeniGeer et al., 2017; Kim et al., 2020; Candy and Migliorini, 2021)

Unlike satellitebornemicrowaveradiometers, grountdased microwave radiometexSNIWRS) offer unique advantages for

DA, including high temporal resolution (mindlevel) and greater sensitivity to the atmospheric boundary layer (ABL). Over

the past two decades, the assimilatio®sMWRs has been increasingly studied, leading to improvements in the accuracy of
NWP (Vandenberghe and Ware, 2002; Otkin, 2010; Hartung et al., 2011; Otkin et al., 2011; Caumont et dile 2046;

2020; Qi et al., 2021, 2022; Lin et al., 202Bhe assimilation of retrieved temperature and humidity profiles fBdMWRs

has shown improvements in forecasting fog, storms, and precipitation. However, the reliance on indirect assimilation method:
introduces uncertainties and complicates error quantification, which limits their overall effectiveness in enhancing forecast
acaracy(Caumont et al., 20184artinet et al., 207; Lin et al., 2023)

Direct assimilation oflGMWR radiances, which bypasses the retrieval process, offers significant advantages by avoiding
retrievalrelated errors and improving the effective use of observations. This approach requires accurate observation operator
and robust bias correction to addrekfferences between radiance observations and model states. The direct assimilation of
satelliteborne radiance observations is relatively ma{@eer et al., 2008; Bauer et al., 2010; Geer et al., 2010; Eyre et al.,
2020; Sun and Xu, 2021; Eyre et al., 2028} utilizes fast radiative transfer models (RTMs) as observafieratos, such

asthe Radiative Transfer for Television and Infrared Observation SatéRiT@ OV) (Saunders et al., 2018)lowever,the

unigue characteristics of upwalabking GMWR observations, such as sensitivity to nsarface conditions, require

specialized RTMs and adaptation of existing technigdesent studies have developed fast RTMs suitable for @itk

, which provide a foundation for constructing observation
operators for assimilatioof GMWR ebservationrsadianceqDe Angelis et al., 2016; Cimini et al., 2019; Shi et 2025).
The RTTOWgbh, a grounébased version of the RTTOV modelas used to simulaterightness temperatufeom GMWRS,

demonstratinchigh accuracy(De Angelis et al., 2016, 2017; Cimini et al., 201Bgcent studies have demonstrated the
potential of directGMWR radiance assimilation using RTTGYb to improve temperature, humidity, and precipitation
forecastgCao et al., 2023; Vural et al., 203).

Despite these advancements, previous studies have typically relied on [BMt&tR networks or focused on specific case
studies. Additionally, research conducted in regions with relatively simple terrain may not fully address the complexities of
areas like the Tibetan Plateau, where complex topography often leads to significant mod€¥biages al., 2020; Wei et

al., 2021) These biases make accurate bias correction essential for improving the effectiveness of direct assimilation, while
traditional bias correction approahdeveloped for satellitborne microwave radiance observations are not directly
applicable tatGMWRs.

To address these issues, this study integrates RIgiDWto the Weather Research and Forecasting Data Assimilation
(WRFDA) system(Barker et al., 2012Jo develop a direct assimilation module 8MWR radiances. A nonlinear bias
correction scheme based on machine learning is also constngatgthree months of observational data. The impact of direct

GMWR assimilation is then investigated through a series ofltgnexperiments conducted in Southwest China, a region
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shaped by the influence of the Tibetan Plateau and characterized by complexTaeaamainder of this paper is organized
as follows. Section 2 describes the data, the implementation of RIgEON WRFDA, and the model configuration. Section
3 evaluates the performance of the bias correction scl&smgord presensthe impacts o6GMWR assimilation on the initial
and forecast fields. Theonclusions and discussion are presentegeirt.5.

2 Methodology
2.1Data

Two types of GMWR sensors were assimilated in this study, as showkignl: the MP3000A andthe Humidity And
Temperature Profiler (HATPRO). Atmospheric radiance is measured as brightness temperatures in 14 channels for HATPRC
and 22 channels for MP3000A (Table 1). For HATPRO, chanridlsale in theK-band while channelsi8L4 are in the/-

band For MP3000A, channelsiB are in thek-band and channelsi?2 are in the/-band TheK-bandchannels correspond

to humidity-sensitive water vapor absorption lines, wherea®/thandchannels correspond to temperatseasitive oxygen
absorption lines.

The FengyusB (FY-4B) Advanced Geosynchronous Radiation Imager (AGRI) cloud mask (CLM) is used to identify
GMWR-observed brightness temperatures under -@dkarconditions. The AGRbased CLM product has a temporal
resolution of 15 minutes and a horizontal resolution of 4 km, categorizing conditions as confidently cloudy, probably cloudy,
probably clear, or confidely clear, with corresponding values of 0, 1, 2, and 3, respectiviétyet al., 2017)Due to its high

quality, this cloudnaskproduct is widely applied in satellite data assimilafigm et al., 2020, 2021; Xu et al., 2023; Shen

et al., 2024)

The National Centers for Environmental Prediction (NCERal Operational Global Analysis data (FNI0)125°%0.257 6 -

hourly) were used to establish the initial and boundary conditions for regional NWP. Conventional observations from the
Global Telecommunications System (GTS) were assimilated and evaluated, including land surface, marine surface, radiosona
and aircraft reports. The hourly precipitation analysis product from the China Meteorological Administration Multisource
Precipitation Analysis Systefshen et al., 2014yas used for evaluation. This dsg¢shas been widely used in precipitation
studieg(Xia et al., 2019; Su et al., 2020; Sun and Xu, 2021; Wang et al., 2021, Li et al., 2023; Zheng et al., 2024)

Tablel. Central frequency foBMWRS

Sensor Frequencies foK-band(GHz) Frequencies fo¥-band(GHz)
HATPRO 22.240;23.040;23.840;25.440; 51.260;52.280;53.860;54.94C
26.240;27.840;31.400 56.660;57.300;58.000
51.248;51.760;52.280;52.804
MP3000A 22.234;22.500;23.034;23.834; 53.336;53.848;54.400;54.94C

25.000;26.234,28.000;30.000 55.500;56.020;56.660;57.288
57.964,;58.800
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2.2 Assimilation system and observation operator

The WRFDAsystem, developed by the National Center for Atmospheric Research (NCAR), is designed for data assimilation
and includes thredimensional variational (3DVAR), fordimensional variational (4DVAR), and hybrid data assimilation
algorithms. In this study,ersion 4.5 of the WRFDA system with 3DVAR is used for the direct assimilatigdBMM/VR

radiancesThe 3DVAR algorithm produces the analysis by minimizing a scalar objective cost function:
Ve - o A e e -« € e N « E e Q)

wheree ande represent the analysis and background fields of the model varialigethe vector of the observations, dad

andr) represent the background and observation error covariance matrices, respectively. The cowatiangseletermine

the weighs assigned to the background and observations in the analysis, dittatdocalized observation information is
distributed vertically and horizontally in the model space, and maintains the balance among the model's controlévariables.
is the nonlinear observation operator, that transforms model variables to the observed quantities. The observation operatol
works slightly differently for different types of observations. For conventional observations (e.g., tempétatpre)ary

role is to perform spatiotemporal interpolation of model grid values to the observation space. For unconventional abservation
(e.g., reflectivity and radiance), where the model state cannot be directly comparekewitiservations, the observation
operatomust also convert model variables into observed variables.

The static background error covariance for the variational experiments is estimated using the National Meteorological Centel
(NMC) method (Parrish and Derber, 199@hich usesthe difference between WRF forecasts at lead times of 24 h and 12 h
(T+24 hminus T + 12 h) valid at the same time over a specified p&aadrol variables option 5 (CV5) is adopted for the
background error covariance used in 3DV AR/5is domaindependent and therefore must be generated based on forecast
ensemble dataver the same domainit utilizes streamfunctionunbalanced velocity potentjalinbalanced temperature,
unbalanced surface pressiardpseudo relative humidityn this study, the background error covariance matrix was generated
using the Generalized Background Error Covariance Matrix Model (GEN_BE (2e8combes et al2015) based on one

month of WRF forecast©bservatiorerror correlations are typically assumed to be zero in WRFDA, resulting in a diagonal
observatiorerror covariance matrix. Observation errors were specified based on the standard devidt®n of O

RTMs serve as observation operators for assimilating radiance data by mapping model variables (e.g., temperature and wat
vapor) into radiance space. RTTOV, a fast RTM, is widely used for assimilating satellite radiance data. HaMEVRr,
radiancesre upwardooking microwave observationgiffering from the downwardooking measurements of satelliterne
microwave radiometersThis difference in direction makes RTTOV difficult to apply @MWR radiancesassimilation.
Fortunately, RTTOWgb can simulate brightness temperatures f@WVRs, and serves as the observation operator in this

study. The weighting function (WF) qué#igs the contribution of emissions from each atmospheric layer, and the maximum
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WF height indicates which atmospheric layer contributes most to the measured ré@emiez et al., 2008)According to

Cui et al. (2020), WFs are calculated as the derivative of transmittance with respect to the natural logarithm ofTgressure
vertical distribution of WFs for HATPRO and MP3000A, calculated using RT-gBVis shown irFig. 2. The WFs reach

their maximum at 1000 hPand decrease monotonically with height. These results confirm that the lower atmosphere
contributes most to the observed radiation across all channels, consistent with the fin8imggoal. (2012)

It should be noted that RTTQOYb is not included in the publicly available version of WRFDA. To address this limitation,

GMWR direct assimilation module was developed within WRED}A single-observation assimilation experiment was

conducted to test the GMWR direct assimilation moduléis experiment, a pseudo radiance observéton the HATPRO

sensowas assimilated in channel 6 (K band), wi 2KhResultdroms si g n

thesingle-ebservation-assimiln-experimeniconfirm that theGMWR direct assimilation modulperformscorrectly. The

temperature and water vapor increments are horizontally isotropic and show a maximum at lower atmospheric levels vertically

(Fig. 2). It should also be noted that this experiment was conducted to verify the correct performance of the GMWR direct
assimilation module and to provide valuable insights into the characteristics of GMWR assimilation. However, it is not

representative of the ssbquent multbbservation, mulithannel assimilation experiments.

2.3Model configuration and experimental design

In this study, version 4.5 of the Weather Research and Forecasting (WRF)(Blatahrock et al., 20219 used to simulate
atmospheric evolution. The simulation employs a single donk@ {) with a horizontal resolution of 3 km, comprising

1,261 x811 grid points and 51 vertical levels, with the top boundary at 10 hPa. The model physics configuration includes the
Morrison twemoment microphysics schenfidorrison et al., 2009)the Yonsei University PBL schenfidong et al., 2006)

the Rapid Radiative Transfer Model for General Circulation Models (RRTMG) shortwave and longwave radiation schemes
(lacono et al., 2008)and the unified Noah larslirface mode(Chen and Dudhia, 2001Cumulus parameterization was
excluded due to the convectipermitting horizontal resolution of 3 k(hi et al., 2023; Moker et al., 2018)

Similar to previous studies (Jiang et al., 2017; Nie and Sun, 2023), the target region of Southwest China in thisfitedy is de

as the area within the rectangular domain 38N, 93°1110E (Fig. 1). This region encompasses the Hengduan Mountains,

the YunnainGuizhou Plateau, and the Sichuan Basin, and is generally consistent with Chinese administrative Bids®orsd

on the model configuration described above, fouGMWRTr all

assimilation (Tabl e 2)0.0 BHIcCh deaxipl eyr,i menncto rsptoarratteidn gatl 21 zh ou

2hforecast. The primary differences among these experirt
CNTL expemiimimantda$SgiShidmttear wa I[IGIMWEh 66H ee st her iIGWVEWRA s aaidihieldat i o
the CNTL setup, en &MWiRags iammi | eavt a lownd tsi oinmpoaafct GMWR @ Hoalmeér

GMWR 1H, assimil aGMWRIlao ahhathidd b3nedr val s, respectively, to
frequeamMWRRS aii mi |l ati on.
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The assimilation experi m&ryt £ omdrid ionmsd dateed oun cher umlceart
operators under clAdddy xogrerriaremyt sc omedraey icuoensd.Goodt & d 02w ©ct ab

Among the available GMWR observations from August to Oc
cl s&kry dat a, which was more favorable for demaoamBetf oati n
i mpl ementing bi-saksy csocrrreegcutéi sogn,,d écpleesatrur e check, and whit el
to i mprove measuremaentl gualvetgepSubsequehtebtk, was applie
and 1 h assimilation intervals, 34 (0.91%), 70 (1.42%),
procedure prior to a single assimilation cycle is as fo
(1) Observation Selection: The observation nearest to the

(2) Cl esakrigcr ee@li asakr MWRobser vati ons wer e sbcarseeedn eGIL My s i wi-gt ht hbe
simul ated c¢l| oudqd &algutoad water path

B) Fi GGaaitess Departure Ch(e@ikBa lQibesse rgvractaitoenrs twhiatnh 20 K ar e ex

4 Whit€ehe:®kmove observations from stations identified a:

b)) Bi as Cahamacthiioore | earning bias correction scheme was a

(6) Rel ati ve Departure Check: APpBxededbenhtrlee absmebkbut bBev:
observati onackj exagestongbledatar t her
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Figure 1: Computation domain(shaded). The shaded denotes topography (units: m). The green rectangle denotes the target region
of Southwest China. The blue empty circle denotes radiosonde. The 'x' and '+' symbols denote HATPRO and MP3000A, respectively
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180 Table2 Experimental design
Experiment Assimilated Data Assimilation Interval
CNTL GTS 6-hour
GMWR_6H GTS andGMWR  6-hour
GMWR_3H GTS andGMWR  3-hour
GMWR_1H GTS andGMWR  1-hour
3 Machine learning based bias correction folGMWR
3.1Bias characteristics
Vari ational assimilation assumes that both observation
However, due to instrument errors, ' imitations of the RT
185 and simatiadaedes (B) inherentlwpndconwhai oahemayrexfiideinobtadb
correction is a crucial process in radianc(Aulighéetah 20846 si mi
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Dee,2005) I n the real at mosphere, (O)aptHuB #&aheir ep asadse dstheoswent
Eq( 2) :
a4t At @)

I t sthhaatise st ati stical expectation valuge o¢f.TDeEBetanerepte
to evaluate the bias characteristics of OT B and correct
To estimate the bias and develop a bias correction schent@MuvYR direct assimilation, dong-term experimentwas
conductedfrom August to October 202%ielding a threemonth samplalatsset In this experiment, the WRF model was
initialized every 6 hours usingCEP FNLdata, and WRFDA operated hourly in monitoring mode (only calcgiaO1 B) .

After a cloud check usinfpeAGRI-based CLMandgr oss check (O1 B < 20 K), the bias
was estimated.

A comparative scatterplot analysis of observed and simulated brightness temperatures was conducted. For most channels, t
scatter points are closely aligned along the diagonal and exhibit high correlation coefficients, indicating strong agreement
betweerthe simulations and observations. However, the sqaitetsfor some channels forms two distinct clusters. To further
investigate, representative channels fromKhkand(water vapor absorption lines) and t¥ieband (temperaturesensitive

oxygen absorption lines) were selected. Figure 3 presents scatterplots for chafwien (and channel 13-bang of
HATPRO, andas well axchannel 1K-band and channel 14M-band of MP3000A. Results for the remaining channels are
shown in Figures Al and AZor HATPRO, more than 6,000 samples analyzediorchannelstand-13 The OT1T B bi
are 1.25 K for channel 1 and 2.14 K for channel 13, with standard deviations (STD) of 3.35 K and 2.82 K, respectively.
Additionally, the scatter distributiolor channel 13 is not centered, showingustershifted to the right of the diagonal (Fig

3b). For MP3000A, more than 2,000 samples are analizethannels1and-]4 wi t h O1T B biases of 3.
T0.54 K for channel 14. The O1I B STDs are 3.94 K and 3.0
(V-band, thescatter pointseatteifor MP3000A channel 144-band also shows alusteroffset from the diagonal, but to the

left (Fig. 3d).Based ortheseresultss i gni fi cant OT B GMWRssrvatiomsewithdtieeir eharacteristics n
varying across di#frent sensors and channedowever, the correlation coefficients between observed and simulated

brightness temperatures are high, at least 0.95, suggesting that these biases can be effectively corrected.
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Figure 3: Scatter plot of observed brightness temperature (Tb) versus simulated Tlbased on samples collected from August to
October 2023 The top and bottom rows correspond to the HATPRO and MP3000A sensors, and the left and right columns represent

the K-band and V-band,

respectivel y.
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result from biases in the background field over the topographic region, the limited applicability of Rjbr€défficients, or

calibration issues in the observatioAs/erallConsistent-with-resulis forall-statigns t h e

Qi eBch Statidor the K-

bandis larger than that for the-band (Fig. 4b). The correlation coefficients between observed and simulated brightness

temperatures are high across all channels (typically above 0.90), although they are slightly lower for channdterd to 9.
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Figure 4. Statistics at each station based on samples collected from August to October2@23.B ( a) bi as and (b) st
230 (STD) for HATPRO; (c) correlation coefficient (r) between observed and simulated brightness temperatures for HATPRO; (d)
same as (&ac) but for MP3000A. Some stations did not provide observations for specific channels; the corresponding missing data

are displayed in grey in the figure.
3.2 Bias correction

Based on the results above, noticeable OiI B biases were
235 locations of stations. It is essential to remove these biases before assimilation. Static bias c@terdscand Kelly, 2001)

and variational bias correctiofDee, 2005)are commonly used in radiance data assimilatiohB bias is commonly

represented using multiple linear regression with several predictors. Compared to linear estimates, nonlinear approaches shc
improved performance in reducing systematic biases (Zhang et al., 2023, RalR{ying theseworks, this study employed
a machine learniridpased bias correction scheme using the Random Forest (RF) technique (Breimaghaagetal{2023)

emon ad that nonline heme outperfdimagarscheménreducing-sy atic biases. FollowiBlgang et al. (2023)
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FellewingAccording toYin et al. (2020) the predictors includéhe 1,000 300 hPa thickness, 2080 hPa thickness, model
surface skin temperaturd$) and total precipitable watePYV). Considering thaGMWRs are sensitive to théower
atmosphere, the predictors also include 1,000 hPa thickness, 70800 hPa thickness, 50300 hPa thickness, 2m

temperatureT2), 2m water vapor mixing rati@)), 10m zonal wind¢10), 10m meridional wind\(10), and surface pressure

(PS. Finally, latitude, longitude, and observed brightness temperdflingareincludedas predictors due to thgiotential
importancgZhang etal.,2023) The O1T B biases vary across sensors and cl
each type of instrument and channel. Biases also vary across the geographical locations of stations, potentially ipfluenced b
the largescale topography of thelietan Plateau. As predictors, 2 m temperature, surface pressure, and latitude and longitude
are important for explaining these biases.

There are two types of parameters in machine learning models: model parameters and hyperparameters. Model parameters
initialized and updated during the learning process. Hyperparameters, on the other hand, cannot be directly estimated fror
data. They rast be configured before training because they define the model's architecture. Building an optimal machine
learning model requires exploring a range of possibilities. The process of determining the ideal model architecture and
hyperparameter configuration is known as hyperparameter tuiipgerparameter—tuningvhich is a key component of
developing an effective machine learning mdielng and Shami, 2020)

The RF model has four key hyperparameters: the number of trees in therfoestinfjatory the maximum depth of the tree
(max_depth the minimum number of samples required to split an internal node $¢amples_sp)it and the minimum

number of samples required to be at a leaf nada (samples_leaf These hyperparameters were tuned usaikjt-learrd s
GridSearchC\(Pedregosa et al., 202dijth 5-fold crossvalidation(C\/}, which exhaustively searches over a predefined range

of hyperparameters, training and evaluating the model for each configuration. The flowchart illustrating the training and
evaluation process of the bias correction (BC) model is showigiBb. The threemonthsampledataset(described in Section

3.1) wasrandomlysplit into a training set (78) and a test set (3®). During training, GridSearchCV constructed a large

grid of possible hyperparameter configurations, iteratively trained and evaluateddiet for each, and calculated a score.

Finally, the optimized model was trained using the configuration with the highest score.

11
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Figure 5: Flowchart of the training and evaluation for bias correction model

To investigate the impact of hyperparameters on model training time and performance, the fit time and score of the RF mode

under various hyperparameter settings were analyzed (figure not stiowir)g hyperparameter tuning, estimatorsvas

varied between 10 and 150ax_deptlwas adjusted from 5 to 3Min_samples leafias tested with values between 1 and 3,

andmin_samples_splivas tuned in the range of 2 to@verall, the fit time and score demonstrated a positive correlation. As

the min_samples_leaand min_samples_spliparameters increased, both fit time and score decreased monotonically.
Conversely, increasing tieax_depttandn_estimatorparameters resulted in a monotonic increase in both fit time and score.
Notably, max_deptthad the most significant impact on the score, whilestimatorgrimarily affected the fit time. For
n_estimatorsthe score increased logarithmically, while the fit time grew linearly. These findings suggest that selecting a

moderately small value for the estimatorgparameter can achieve better results while reducing computational time.

thecomectiodlJsi ng the above bias correction (BC) model , t he <co

O1 B f r originakohservations. The effectiveness of the BC modedsessed based tive probability density function
(PDF) of the O1B di(sé¢Rigb6andpperain B. Simitar td Hige3, chanset 1 déaed) and channel

13 (V-band) of HATPRO, as well as channel 1-i§nd) and channel 14 {dand) of MP3000A, are selected for detailed
analysis (Fig. 6)For HATPROchannels 1 and 13, the biagf§D9ar e 1 .24 K (3.38 K) and 2.7
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For MP300O0OA channels 1 and 14, tihe6dbilse3. (& Fhieybidsesdar €p 8¢
3.00 K, and

; ; : ; : 3.0Bedifferences between the test set
(Fig.6) and the full datasetshown-inFig. 3) are negligiblewith maximum differences in bias and STDf 0.10 K
j j i .O8sBectively highlighting the

strong representativeness of the testBee original PDF generally exhibit a unimodal shape, although their peaks deviate
from zero. Moreover, some channels dispbaynodal features, often manifested as secondary peaks superimposed on the

primary distributio® an issue that may affect 3ar, which typically assumes the errors to follow an unbiased Gaussian

distribution.
After applyingthe BC mode| bothOi B bias and STare reduced, and the distribution becomes more sharply concentrated

around zero, accompanied by an increase in kurtBsisinstance, in MP3000A channel 1, the bias (STD) decreases from
1.24 K (3.38 K) to 0.03 K (1.44 K), r e s pectltisrmtedsthat tiveh i |

PDF of corrected B approximate an unbiased distribution, and the secondary peaks are effectively suppnesseasults

confirm that the proposdBiC scheme effectively reduces both the bias and STD in tiBediatistics, transforming the PDF

from a bimodal to a unimodal distributiomhe bimodalfeaturein the Q B PDF corresponds to the two distinct clusters

observed in the scatter plots shown in FigS@ecifically, when one cluster is concentrated along the diagonal and the other
shifts to the righta peak forms on the positiveaxx i s o f t, fesultind in B birRobdFdistributiofrrom the @B PDF

(Fig. 6),both instruments exhibit a positive bias with a unimodal distribution in thard In contrast, the \band displays

a bimodal distributionthe second peak appears on the right for HATRR® on the left for MP3000A. These results are

consistent with the scatter plots shown in Fig. 3. AB€r the O B PDF changes from a bimodal to a unimodal distribution,

indicating that the two clusters have been effectively merged
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Figure 6: Probability density functions(PDFs) o f t he O7T Poased os & test setuandorolynsglected from 30% of the
three-month sample dataetcollected from August to October 2023The top and bottom rows correspond to the HATPRO and
MP3000A sensors, respectively, while the left and right columns represent tkeband and V-band. Each panel displays the
number of samples (num), the mean (bias), standard deviation (STD), skewness, and kurtosis of the distributions.
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Figure7 illustrates theD 1 _thias and ST—{—+t—-h-for eathHATPRO HATPRO-channel. Before BC, th® 1 Biasfor
HATPROranged from 0 to 2 K, with the bias in tKeband(particularly channels 4 to Beingsmaller than that in the-

band After bias-correctioBC, t he bi as for each channel is approxi mat el
2 to 4 K without BC, with channels 4 to 7 exhibiting sm
oscillates between 0.5 and 1.5Kxe application of thiBC model significantly reduced both thel Bias and STDe-+—O1 B,
with reductions 00.83K (97.1%) and 1.63 K§4.6%) , respectivel y. Meanwhi | e, t he
Gaussian characteristics centered around zero, indicating effective removal of systemétiases.

Diagnosing the contributions of each predictor is crucial. Figaitustrates the feature importance of several predictors for
HATPRO.Fhe This BC model normalized the feature importance scores so that their sum equals 1. A higher score reflects a
stronger correlation between predictors and Oi B bi &ses.
pressure are significant contributors to BC for Kwand (water vapor channel). For thé-band (temperature channel),
observed brightness temperature, latitude, and surface pressure are the most influential predictors. The contributions c
atmospheric thickness predictors are smaller compared to the other predictors; however, itFOQ [RA thikness predictor

has a relatively larger contribution among them. This may be beGM¥ER primarily observes radiation from the lower
atmosphere. Notably, suda pressure plays a critical role in BC f6thandhe-temperature-channgiehich may account for

the positive bias in OrgBaobserved at plateau stations (
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Figure7: (a) Bias and (b) st an dbased ondadegtiset tandomiy s€leStddDrpm 30% of e tBreeonth
sample dataset collected from August to October 2023(c) Feature importance of the predictors used in the bias correction (BC)
model. The shaded regions and solid lines represent the range and mean feature importance forkhband and V-band, respectively.
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4 Direct assimilation of GMWR radiance observations
4.1 Assimilation impacts on initial condition

The performance dEBMWR assimilation in the observation space was evaluated. Fgsmenmarizes the bias and STD of
the OT B and observation minus analysis (OTA) statistics,
366 was reduced compar ed V-bandGGpeificallp for adhanmeull abMWR 1H (4 h assiméation
interval), O1 B was 1 0. 40 GMWRaobhsgrvaiohsAwere assimilatéd, tHe 3imWated BNghtmess
temperatures became closer to the observations, resulting in smaller STD. Moreover, as the fre@MK§¢R observation
assimilation increases, the bias and STD of the O1 B gr
GMWR_6H,GMWR_3H, andGMWR_1H signi ficantly decreased from 1.03 K
370 0.36 K, 0.34 K, and 0.34 K, respectively. Althougeth di f f er ences in OT A are | ess no
suggests that increasing the frequency in cycling assimilation accumulates the impads®ivtties, producing a higher

quality firstguess field for the final cycledi A statistics were also computed based on the initial fields from the CNTL

experiment. Th&i A bias in CNTL is slightly larger than that in the GMVERsimilation experiments, with a more noticeable

difference in the V band. Regarding the STiie CNTL experimenshows higher values across all channels, with the largest

375 di fference approaching 1 K. These results suggest t hat

fields and the observed brightness temperatifes assimilation o6MWR observations effectively influences the brightness

temperatures, demonstrating the successful process@BNIWR data by the 3DVAR system.
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Figure 8: Verification of the initial condition sagainstGMWR observations based on theen-day assimilation experimentconducted
fram to 22 OcapbrRirao&2mld (b) standard deviation (STD) of the
mi nus anal ysiGJYWRG@SssiAiatioh io the targetaegion of Southwest China (blue box ifig. 1).

The above evaluation demonstrates the successful implementation of the newly int@ElVg&dtadiance direct assimilation

in WRFDA. However, compared to brightness temperature simulations, greater attention should be given to the model stat
variables in the initial field, as they directly influence subsequent model forecasts. To this endndsdaisservations in the

target region of Southwest China were used to evaluate the imgaleWR assimilation. The roetneansquare error (RMSE)

was calculated, and the RMSE differences between CNTL and other assimilation experiments are Bigo@n in

Results indicate that assimilatil@MWR radiances enhances ldevel temperature and humidity fields, with higher
assimilation frequencies offering the potential for additional improvem@MB/NVR assimilation has a neutral impact on
atmospheric temperature above 1 km AGL, where the RMSE difference is minimal. However, it positively impacts lower
atmospheric temperature, with the RMSE for temperature decreasing below 1 km AGL. Specificallyrage 8MSE
improvements below 1 km are 3.6, 5.28%, and 6.326 for GMWR_6H, GMWR_3H, andGMWR_1H, respectively. This
indicates that increasing assimilation frequency enhances observational impacts and further improves the initial field. The
improvemenbecomes more pronounced with decreasing altitude, with 100 m RMSE improvements of 0.10%)(6.23

K (7.90%), and 0.19 K (11.3%) in GMWR_6H, GMWR_3H, andGMWR_1H, respectively. For the water vapor mixing

ratio (QVAPOR) GMWR assimilation demonstrates a positive impgaeatextendngsinto the middléropospheratmesphere

with average RMSEeductiongmprovementdelow 5 km of 2.3, 2.20%, and 1.986 for GMWR_6H, GMWR_3H, and
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GMWR_1H, respectively. The impact @MWR assimilation and the effect of assimilation frequebegomeare more
pronounced in the lower atmosphere, with average RM8Ectionsmprevementbelow 300 m of 3.0 % for GMWR_1H,
compared to 231% for GMWR_6H and 2.8 % for GMWR_3H.

It is noted that the GMWR assimilation has negative impacts on the wind fields. The RMSE for zonal and meridional winds
exhibits a slight negative effect when GMWR is assimilated, with meridional winds even showing an increase in RMSE. These
negative impacts on the wind field caused by GMWR assimilation may be attributed to two: fddtd¥hen assimilating
observed brightness temperature, the adjoint model of the observation operator directly adjusts temperature and humidity t
optimize the simulation, while changes in the wind field are indirectly driven by these adjustments theobgbkground

error covariance. (2BMWR assimilation primarily improves the lower atmosphere, while changes in the upper atmosphere
are also governed by the background error covariance. The static background error covariance used here is climatological ar
isotropic, which does not fully align with evolving weather conditions, potentially resulting in ineffective wind field
improvemens.
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Figure 9: Verification of the initial condition s against radiosonde observationsbased on the terday assimilation experiment
conductedf r ddrf t o 2 2 ORobtméan squai @rdbB(RMSE)f (a) temperature, (b) water vapor mixing ratio (QVAPOR),
(c) zonal wind, and (d) meridional windin the target region of Southwest China (blue box in Figl).

Based on the evaluation against radiosonde observations, the assimilaGd\VR data improves the initial fields of
temperature and humidity, aligning them more closely with observations, particularly in the lower atmosphere. Additionally,
the initial fields are validated agairgirfacestation observations, including measurements of 2m temperature, 2m humidity,
and 10m windFig. 10).

The RMSE differences indicate ttaMWR assimilation effectively enhances the 2m temperature and humidity fields. Under

6-hourly GMWR assimilation, the temperature RMSE generally increased on the southern side of the basin, whereas other
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regions showed a positive effect with reduced RMSE values. Moreover, the temperature RMSE reduction in these positively
af fected areas further i mproved as the assimilation fr
(T 0%0)3 to T 0. @POMrhdmidity GMWR assimilation shows a negative impact on relative humidity (RH) at a 6

h assimilation frequency. However, the RMSE over the plateau decreases as the assimilation frequency increases, with th
RMSE difference shifting from positive to negative. In@dWR_1H experiment, theH-RMSE is reduced by 0.276 (198).

Unlike the temperature and humidity RMSESs, the improvement in the wind field RMSE does not exhibit a distinct spatial
pattern. Compared to the CNTL experimem'§ 1t®eg3 RMBEDAI7f f
(T 1%)0, andm 1% 1 Q%)2n GMWR_6H, GMWR_3H, andGMWR_1H, respectively. Similarly, the RMSE

di fferences for memlifdi@nzal 1Wi A Ma)7e ar0dn0T§E. BYPMGMWR_6H,
GMWR_3H, andGMWR_1H, respectivelyWhile the changes in wind RMSE are relatively small, the results indicate that
assimilating GMWR data improves the initial field, with higher assimilation frequencies offering potential for further

enhancement.
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Figure 10: Verification of the initial condition s againstsurface station observations based on the terday assimilation experiment
conductedf r ol@3 t o 22 O tThe pebcentage2nORMSE differences (scattef temperature (T), relative humidity (RH),
zonal wind (U), and meridional wind (V) in the target region of Southwest China (blue box in Figl). The grey solid linerepresents
the topography height (m).

4.2 Assimilation impacts on forecast field

After presenting the improvements in the initial condition, this section inveditte@empact 0olGMWR assimilation on the

24 h forecasts. The time series of RM&k the CNTL experimenand RMSEdifferences (assimilation experiments minus
the CNTL experiment) againstirfacestation observations f@& mtemperature2 mrelative humidity, and0 mwind fields

are shown irFig. 11. In the CNTL experiment, the RMS& temperature and relative humidity initially decreases and then

increases with lead time, while the RMSE of the wind field exhibits the opposite trend, increasing at first and thenglecreasi
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The mean RMSEs overthe-PMdour f orecast period are 2.32 K for temper
zonal wind, and 2. 0 &egardirg assimilatiorimpaghe RMSEredocionfor weimperturgradually
decreasesapproaching zero at a lead time of 6 hours, with higher assimilation frequelty/R_1H) achieving a greater

RMSE reduction. Similar results are observed for relative humidity, where the Rd8€&ionalsodecreaseand approaches

zero at a lead time of 12 houSMWR_1H consistently demonstrates the largest RMSE reduction for relative humidity.
However, it should be noted that the direct assimilation of GMWR data caused a nieggdio®n relative humidity at a lead
time of 12 hours. The degradation of wind fiel d&ortheci g.
wind field, no increase in the RMSE difference with lead time was observed, as previously described. However, the RMSE
differences between thesasilation experiments and the CNTL experiment remain overall negative, indicatirgNiVaR
assimilation improves wind forecasts. AdditionaBMWR_1H demonstrates the largest RMSE reduction in meridional wind,
suggesting that increasing the frequencBdMWR assimilation may lead to further improvements. The quantitative statistics

are presented in Table 3. The temperature RMSE differences beBvB&tiR_6H and CNTL aré 0.012,1 0.005, and 0.004

K for lead time of 16 hours, 112 hours, and 24 hours, respectively. This gradual decrease in RMSE diffesavite
increasing forecast time is also observed in other experiments and variables, indicating a weakening of the positife impact o
GMWR assimilation as the forecast period extends. When the imp&IMe¥R assimilation is most pronounced (at a lead

time of 1/ 6 hours), the temperature RMSE differences range flo®12 K inGMWR_6H to1 0.0149 K in GMWR_3H, and
10.00.930K in GMWR_1H. The temperature RMSE reduction increases with the frequer@W19fR assimilation, a trend

also observed in relative humidity and wind, suggesting that increasing the assimilation frequency can furthettimprove
shorttermforecasts. Although these differesscare small, the results reflect the potential for improved model forecasts with
GMWR assimilation.
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Figure 11: Verification of the forecast againstsurface station observationsbased on the terday assimilation experimentconducted
frolnd to 22 Q&KMIEback li2epfarihe CNTL experiment and RMSE differences (coloredines) between the
465 assimilation experiments and the CNTL experiment for (a) temperature, (b) relative humidity, (c) zonal wind, and (d) meridicai

wind.

470

Table3 RMSE difference againsurfacestation observations.

EXP Lead TemperatureRelative Zonal Meridional

time  (K) Humidity  wind wind
(hour) (%) m'$ (m'"}
GMWR _6 1i6 1T0.01271 0468t 1T0.00 0.490

H Ii172 710.00510.02710.0G 0. 006
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485

1i24 1 0. 00 40.046 1T0.000.0083
CNTL
GMWR 3 1i6 10491 10604 1T05D0 0.5®0
H 1112 1T 0.001 1T0.0367T0.000.007
minus
1124 1 0. 00 30.072 1T0.00 0. 0083
CNTL
GMWR 1 1i6 T 01980 10243 10.7990 0. 013
H 1112 71 0.01210.08710.000.013
minus
T 1 . . 1 . (T .
CNTL 1i24 1T 0. 00 50.065 10. 00 0. 0009

Verification againssurfacestation observations indicatéhat assimilatingsMWR radiancesmproves neasurface forecasts,

with higher assimilation frequencies offering potential for further enhancement. To further examine the inGdYiaf
assimilation Fig. 12 presents the forecast verification against radiosonde measurelelite the RMSE differences+in

the initial condition Fig. 9), the GMWR assimilation did not reducége RMSE for lower-atmespheritemperaturexnd-or

water vapor mixing ratio, indicating a neutral impac&MWR assimilation on forecasts. Similarly, the wind field verification
results did not showignificantnoticeableimprovements witlGMWR assimilation. While the RMSEBf zonal wind was
reduced in th&MWR_1H experiment, the RMSE differences for the wind field in other experiments were close to or greater
than zero, suggesting a neutral to slightly negative impa@MWR assimilation on wind forecasting. According to the
verifications against radiosonde ddimited improvementsvere found in the forecasts througpbMWR assimilation.The

limited improvement shown in this figuomuld be related tthe relatively long forecast lead times (12 and 24 hours), during
which model errors tend to accumulate and weaken the benefits of improved initial conditions from GMWR assimilation.
Verification against surfacgaion observations indicates that the improvements were primarily confined to the first few hours,
particularly for temperature and humidity. After 12 hours, the impact declined noticeably, with some cases even exhibiting
negative effectgéFig. 11).
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Figure 12: Same asFig. 9, but for forecast at lead time of 12 and 24 hours.

To further explore the role ocEMWR assimilation in precipitation forecasting, the fractions skill score (FSS) lof 3
accumulated precipitation forecasts was calculated. The radius of influence for the FSS was set to 18 km, equivalent to si;
times the grid spacinfHa and Snyder, 2014; Zheng et al., 20Hyure 13 presents the time series BES forthe CNTL
experiment andSSdifferenceqassimilation experiments minus the CNTL experimehth e assi mi | ati on exX
conducted dehangeciae paerheidglieyquencyk yfolcderarat i ons. Cloud
we s @ akismiheduogvhtohued dY period, resulting in the absence o
the FSS csanagu leai @d t a s ilmtige ONTLr expedmenit, dhe .FSS for IB accumulated

precipitation shows an initial decline followed by a subsequent increase with leaditime]atively low FSS values observed

wa s

around the % forecast periodMoreover, the FSS generally decreases as the precipitation threshold indreatiese mean

FSS values are 47, 045, 042, and 039 for thresholds o8 mmMmm,5mm, andé mm, r e sRegacding theedleyof.
GMWR assimilation in precipitation forecasting, the results indicate that assimilating GMWR radiances enhances precipitation
forecasts, with FSS differences increasing progressively at higher precipitation thregkadittonally, increasing
assimilation frequencshows the potential to further enhance forecast performéifiven assimilatingsMWR data at a h
frequency, the timaveraged FSS improvements foh &ccumulated precipitation aredd.(3.9 %) for the3 m threshold,

0.02 (4.7 %) for4 mthresold, 003 (7.3 %) for5 mthreshold, and 04 (10.2 %) for6 m threshold precipitation. For 3

h accumulated precipitation with a threshold6f m,nthe timeaveraged FSS improvements ar810.002, and 003 for
GMWR_6H, GMWR_3H, andGMWR_1H, respectively. These findings are consistent with the above verification against
radiosonde andurfacestation observations, suggesting tEVWR assimilation can improve forecasts and that higher

frequency assimilation leads to further enhancements.
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Figure 13: The time series of FSSblack line) for CNTL experiment and FSSdifferences(colored lines)between the assimilation
experiments and the CNTL experiment These experiments wereonductedf r ddr8 t o 2 2 Ol 59 was calulaz@for
3 h accumulated precipitation for thresholds of(a) 3 mm, (b) 4 mm, (c)5 mm, and (d)6 mm.

5 Conclusions and Discussion

To investigate the impact of directly assimilat@yIWRs in Southwest China, GMWR assimilation modulé&as beebuilt
in WRFDA-4.5, where RTTOMWb is used athe observation operatoBased on this module, athreeo nt h s ampl e o
statistics was calculated to evaluate the bias and develop a BCBaseldlon-this-medule threeo-nth—O+B—st at i s
was—ecateculatedt o —evalueddBSmbdelEurtihermare, 1@day assimilatiGh experichents Erabke| o p
2) were conductedusing thisGMWR assimilation module and BC model to investigate the impadiefct GMWR

assimilationdirectassimitatiercMWR-and the effects of assimilation frequency. The main findings are as follows:

1. Based on three months of hourly sampl es, noticeabl e
geographical locations. The machine learraged bias correction scheme, employmB& model, effectively reduced these

Ol Bystematic biases. After applying this BC model, bot
Specifically, the bias and STD decrease®BBK (97.1%) and 1.63 K§4.6%), respectivelyt-or some channels, the original

O B distribution exhibited a bimodal patter n.Thewdrrected wa s
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2.Assimilating GMWR enhances the accuracy of initial atmospheric conditions, with higher assimilation frequencies
amplifying the positive impact, particularly for temperature and humidity in the lower atmosphere. Evaluation against
radiosonde observations shows that the temperature RMSE below 1 km AGL decreases %y t8.6732% —with

improvemen bhelow-100-m-A anaing-from-6%50

6-as the assimilation frequency increases from 6 h tmi h

6-h-3-h-and-thassimilation-frequencies,respectiveBor the water vapor mixing ratio, positive impacts extend up to 5 km

AGL, with average RMSE improvements ranging from 19880 2.30%. Verification againssurfacestation observations

further supports these findings, indicating that the RMSE for 2 m temperature decreases by &f tehld the RMSE for

2 m relative humidity decreases by up to % &t the 1h assimilation frequency.

3-The assimilation o6GMWR observations leads to improvements in forecasts, and increasing assimilation frequencies has
the potential to get further improvement. In the first 6 hours of the forecast, the temperature RMSE decrease by 0.012 K,
0.0149 K, and 0.@930 K with 6 h, 3h and 1h GMWR-assimilation frequency, respectively. Similar trends are observed for
relative humidity, the experiment withHLGMWR assimilation frequency showing the largest decrease in RIGSBVR
assimilation also improves precipitation forecasts, with further enhancements seen as assimilation frequency increases. For
h GMWR assimilation, timeaveraged FSS improvements read®2@or boththe3 mmand 4mm 0.03 for 5 mm, and 4 for

6 mm thresholds.

Inthethreemont h OT B st at i &-bandisdargerthanghatshThB-bainchconsistemt with/ural et al.(20243)

andCao et al(2023)-Fhi i itivi ithvi

efvaper. OT B bi as varies
channels, and geographical locations, with a notable positive bias observed-altihigh stations. This positive bias is
potentially caused by lareggrale topographical effects on the Tibetan Plateathis region, model simulations may contain
errors, and RTTOWb coefficists may be inapplicabl&he RTTO\W.gb coefficiensare based on global atmospheric profiles,
which may differ significantly from the climatic conditions of plateau regions, potentially affecting simulation accuracy.

A machine learningpased bias—correctioBC scheme using the RF technique was develppednonstrating—streng
perfermance The numberand depth of treesarés—a critical hyperparameterthat must be predeterminedraining time

increases approximately linearly with the number of trees, while performance exhibits a logdik@meaturation trendn

term of tree depth, both training time and performance increase approximately logarithmically withFespthg-time

lafHaus;, seleding a modest number
(n_estimatorsand depthimax_depthof trees, such as 5hd 15, can balance efficiency and accuracy. Feature importance

analysis for BC predictors revealed observed brightness temperature, atmospheric precipitable water, and surface pressure
key factors for correcting biases. The importance of brightness tengsratigns with findings in satellite data bias correction
(Liu et al., 2022; Zhang et aR023) Atmospheric precipitable water is essential forkheand a humiditysensitive channel.
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Surface pressure plays a key role in temperature channels, thereby accounting for the positive bias observed in plateau regio
Although atmospheric thickness predictors contributed less overall, the' T@DAPa thickness was relatively significant,
likely due totGMWRs primarily sensing radiation from the lower atmosphere.

The machine learninh a s e d BC scheme effectively mi tigated the bi m

statistics.To assess itenpacton theinitial and forecast fields, a parallel experiment without bias correction was conducted,

based on the-hour assimilation interval experiment (GMWR _1HRor the initial fields, as verified against radiosonde

observations, the experiment without BC yielded only minor improvements in temperature and even degraded the water vapc

field. As for the forecast fields, verification against surface station obsarsathowed that the absence of BC led to a

noticeabl e degradati on in the forecast accuracy of 2 m

machine learnindpased BCscheme had a beneficial impact on both the initial conditions and the subsequent forecasts

Nevertheless, despite its demonstrated effectiveness, the scheme is subject to several liRéifingson offline @B

statistics, it implicitly assumes that all biases originate from the obsen&tionassumption that may not always hold and

may, in some instancesjask model bias (Auligné et al., 2007; Eyre, 2016). Moreover, the offline scheme lacks anchoring

observations, rendering the analysis fields more susceptible to in@deFuture efforts should consider bias correction

strategiepased oninbiased reference observations or ad@onstrained correctioschemesuch as theonstraineddaptive

biascorrection (Han and Bormann, 2016).

In this study, direcassimilationof GMWR radiance enhances both the initial conditions and the forecastsnglaopotential

in improving ABL and precipitation simulation&lthough the assimilation of GMWR radiance yields slight improvements in

the forecast wind fields (Fig. 11), it exerts an overall negative impact on the wind fields in the initial conditions (it 9

discrepancy stems from the use ditinct observational datasets: the initial conditions are verified against radiosonde

observations, while the forecasts are evaluated using surface statidhstaidd be notedhat assimilating GMWR improves

the wind field below 500n AGL in the initial conditions. This improvement is consistent withviefication of the forecast

which demonstrate enhancements in thmeter wind fieldsRegardingthe degradation for wind field above 500m AGL,
in the

initial-conditions:tThe background error covariance may contribute to this negative impacthe one hand, it determines
the response of the wind fields to temperature and humidity adjustments made by RIBTON the other hand, since
RTTOV-gb 6s adjust ments ar e ABL, thamesponskbpveticedBL anaynbepropagated through theh e

background error covariance.

initial study primarily focused on the direct variational assimilation of GMWR -@data-machine-learnindpased-bias
correction it is admitted that this study has some limitatidriee GMWR assimilation was implemented using 3DVAR, based

on RTTOW-gb and WRFDAandonly static backgrounérror covariances wesmployedn this study. The background error

covariance matrix plays an important role in variational data assimilatibtiis typeof covariances climatological, spatially
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homogeneous, and isotropic. This may limit the impa&MWR assimilation, and flowdependent error covariances should

595 beconsideredn future work.
Moreover,only clearsky GMWRs were assimilated in this study. Since precipitation processes are often accompanied by
extensive cloud cover, few cleaky GMWRs were available. To better explore the potentialGMWR assimilation,
experimentsvere conducted duringeriods with abundant cleaky GMWRs (e.g., a terday periodn October 2028 which
coincided with minimal heavy precipitation. Studies on satellitslgllassimilatiorhave shown thatincorporatingcloud- and

600 precipitationaffected data improves forecagtsa et al., 2022; Xian et al., 2019ighlighting the need for future research on
all-sky assimilation oGMWRs. Under such conditions, assimilation experimezdald be conductediuring a different or
longerperiod given that assimilate@ MWR observations would be relatively more abundHris. noted that GMWRs exhibit
higher sensitivity and provide more valuable observations of the lower troposphere and planetary boundary layer compared t
satellitebased microwave radiometgfShi et al., 2023)Building on this study, future research could explore the joint direct

605 assimilation of satellitdhased and grourblased microwave radiometers. By leveraging their complementary observational
capabilities, this approach has the potential to further enhance the accuracy of atmospheric analysis and improve forecastir

across multiple layers of the atmosphere.
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Appendix A: Observed versus simulated Tb
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610 Figure Al Scatter plot of observed brightness temperature (Tb) versus simulatedHATPRO. Same as Fi@. but for

additionalchannels.
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Figure A2 Scatter plot of observed brightness temperature (Tb) versus simulatedMB3000A. Same as Fi§.but for
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615 Appendix B: PDF distributions of Oi B
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(d) Channel5 (HATPRO)
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