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Abstract. The application of grountiased microwave radiometeiSGNIWRs), which provide higlguality and continuous
vertical atmospheric observations, has traditionally focumedhe indirect assimilation of retrieved profiles. This study
advanced this application by developing a direct assimilation capabil&MWR radiance observations within the Weather
Research and Forecastibgta Assimilation (WRFDA) system, along with bias correction scheme basedtib@arandom

forest technique. The proposed bias correction scheme effectively reduced the obsetvatsdna c k gr ound ( O-B
and standard deviations by8B.K (97.1%) and 1.6 (64.6%), respectively. A series tén-day experiments demonstrated

that assimilatingsMWR radiances improves both the initial conditions and the forecasts, with additional benefits from higher
assimilation frequencies. In the initial conditions, hourly assimilation significantly enhaoeel@éJel temperature and
humidity fields, reducing the rooheansquareerror (RMSE) for temperature by 6.32 b e | o w fbr water vapor d
mixing ratioby1.98% bel ow 5 km. These i mpr ov e maaempesatue and bumdity showed f o
sustained benefits for over 12 and precipitation forecasts exhibitedprovements to a certain extefte timeaveraged
Fractions Skill Score (FSS) fortBaccumulated precipitation within the B4orecasts increasduy 002-0.04 (3.9-10.2 %)

for thresholds 08-6 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 initialittons (Bauer 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
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atmosphere and their sensitivity to temperature, humidity, clouds, and precipitation. Corresporsditedlyeborne
microwave radiance observations have been extensively studied and are considered among the most influential contributors
data assimiléon systemgGeer et al., 2017; Kim et al., 2020; Candy and Migliorini, 2021)

Unlike satellitebornemicrowaveradiometers, grountlased microwaveadiometers GMWRs) offer unique advantages for

DA, including high temporal resolution (mindievel) and greater sensitivity to the atmospheric boundary layer (ABL). Over
the past two decades, the assimilatiolGMWRs has been increasingly studied, leadio improvements in the accuracy of

NWP (Vandenberghe and Ware, 2002; Otkin, 2010; Hartung et al., 2011; Otkin et al., 20igrtat al., 2016kHe et al.,

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

has shown improvements in forecasting fog, storms, and precipitation. However, the relianceeonassiimilation methods
introduces uncertainties and complicates error quantification, which limits their overall effectiveness in enhancing forecast
accuracyCaumont et al., 201®/artinet et al., 207; Lin et al., 2023)

Direct assimilation oilGMWR radiances, which bypasses the retrieval process, offers significant advantages by avoiding
retrievatrelated 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 observatieratos, such

asthe Radiative Transfefor Television and Infrared Observation SatellRRITOV) (Saunders et al., 2018)lowever,the

unique characteristics of upwalabking GMWR observations, such as sensitivity to nsarface conditions, require
specialized RTMs and adaptation of existing technigResent studies have developed fast RTMs suitable for &€|W

which provide a foundation for constructing observatiperators for assimilatioof GMWR radiancegDe Angelis et al.,

2016; Cimini et al., 2019; Shi et &2025). The RTTO\tgb, a grounebased version of the RTTOV modeias used to simate
brightness temperatuf®m GMWRs, demonstratingigh accuracyDe Angelis et al., 2016, 2017; Cimini et al., 20®cent

studies have demonstrated the potential of diG@#WR radiance assimilation using RTT@yb to improve temperature,
humidity, and precipitation forecagiSao et al., 2023; Vural et al., 242

Despite these advancements, previous studies have typidaty oe limited GMWR 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 lesigsifwant model biase@rang et al., 2020; Wei et

al., 2021) These biases rka 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 thesissues, this study integrates RTT@¥ into 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 constugatgthree months of observational data. The impact of direct

GMWR assimilation is then investigated through a series ofitgnexperiments conducted in Southwest China, a region
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shaped by the influence of the Tibetan Plateau and characterized by complexThe remainder of this paper is organized
as follows. Section 2 describes the data, the implementation of RIgbOV WRFDA, and the model configuration. Section
3 evaluates the performance of the bias correction sct8sngord presergthe impact®f GMWR assimilation on the initial

and forecast fields. Theonclusions and discussion are presenteikirt.5.

2 Methodology
2.1Data

Two types of GMWR sensors were assimilated in this study, as showkignl: the MP3000A andthe Humidity And
Temperatire PROfiler (HATPRO). Atmospheric radiance is measured as brightness temperatures in 14 channels for HATPRO
and 22 channels for MP3000A (Table 1). For HATPRO, chanrélsafe in theK-band while channels-8L4 are in the/-

band For MP3000A, channels-B are in the&K-band and channels-22 are in thd/-band TheK-bandchannels correspond

to humidity-sensitive water vapor absorption lines, wheread/tlhandchannels correspond to temperatseasitive oxygen
absorption lines.

The Feigyun4B (FY-4B) AdvancedGeostationarRradiation Imager (AGRI) cloud mask (CLM) is used to idemBiMWR-
observed brightness temperatures under -dkpaiconditions. The AGRbased CLM product has a temporal resolution of 15
minutes and a horizontal restibn of 4 km, categorizing conditions as confidently cloudy, probably cloudy, probably clear,

or confidently clear, with corresponding values of 0, 1, 2, and 3, respedfWil\et al., 2017) Due to its high quality, this

cloud maskproduct is widely applied in satellite data assimilafigim et al., 2020, 2021; Xu et al., 2023; Shen et al., 2024)

The National Centers for Environmental Prediction (NCERaI Operational Global Analysis data (FNI0)25°%0.257 6 -

hourly) were used to establishethnitial and boundary conditions for regional NWP. Conventional observations from the
Global Telecommunications System (GTS) were assimilated and evaluated, including land surface, marine surface, radiosond
and aircraft reports. The hourly precipitatianalysis product from the China Meteorological Administration Multisource
Precipitation Analysis Systefshen etal., 2014)was 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 fov-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 WRFDA system, developed by the National CeiateAtmospheric Research (NCAR), is designed for data assimilation
and includes thredimensional variational (3DVAR), fordimensional variational (4ADVAR), and hybrid data assimilation
algorithms. In this study, version 4.5 of the WRFDA system with 3DM#&Rsed for the direct assimilation GMWR

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

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

andn represent the background and observation error covariance matrices, respectively. The cowatianeseletermine

the weighs assigned to the background and observations in the analysis, dictate how localized observation information is
distributed vertically and horizontally in the model space, and maintain the balance among the model's control &dsables.

the nonlinear olexvation operator that transforms model variables to the observed quantities. The observation operator works
slightly differently for different types of observations. For conventional observations (e.g., tempeitatprighary role is to

perform spatiamporal interpolation of model grid values to the observation space. For unconventional observations (e.g.,
reflectivity and radiance), where the model state cannot be directly compardtiendtiservations, the observation operator

must also convert motleariables 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@hichusesthe difference between WRF forecasts atlléimes of 24 h and 12 h

(T +24 hminus T + 12 h) valid at the same time over a specified p&umtkol variables option 5 (CV5) is adopted for the
background error covariance used in 3DV.AR/5is domairdependent and therefore must be generated loasiedecasor
ensemble dataver the same domaitt utilizes streamfunctignunbalanced velocity potentjalinbalanced temperature,
unbalanced surface pressuaedpseudo relative humidityn this study, the background error covariance matrix was geste

using the Generalized Background Error Covariance Matrix Model (GEN_BE (@e8combes 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 deviatiBn of O

RTMs serve as observation operators for assimilating radiance data by mapping model variables (e.g., temperature and wat
vapor) into radiance spacRTTOV, a fast RTM, is widely used for assimilating satellite radiance data. HoweVBN/R
radiancesre upwaredooking microwave observationgiffering from the downwardooking measurements of sateliv@rne
microwave radiometersThis difference in dection makes RTTOV difficult to applyo GMWR radianceassimilation.
Fortunately, RTTOWb can simulate brightness temperatures f@WVRs and serves as the observation operator in this
study. The weighting function (WF) quantifies the contribution of siois from each atmospheric layer, and the maximum

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 lopprabsu@The
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vertical distribution of WFs for HATPRO and MP3000A, calculated using RTgBMs shown irFig. 2a-b. The WFs reach

their maximum at 1000 hPa and decrease monotonically with height. These results confirm that the lower atmosphere
contribues most to the observegdianceacross all channels, consistent with the findingStaf et al. (2012)

It should be noted that RTTOY¥b is not included in the publicly available version of WRFDA. To address this limitation,
GMWR direct assimilation module was developed within WRFEDA single-observation assimilation experiment was
conducted to test the GMWR direct assimilation moduléhis experiment, a pseudo radiance observétionthe HATPRO
sensorwas assimilate@t channel 6 (kb and) , with an assigned obser2aKaResuisn er r
confirm that theGMWR direct assimilation modulperformscorrectly. The temperature and water vapor increments are
horizontally isotropic and show a maximum at lower atphesic levels verticallyKig. 2c—f). 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. Howeivés not representative of the subsequent raldServation,
multi-channel assimilation experiments.

2.3Model configuration and experimental design

In this study, version 4.5 of the Weather Research and Forecasting (WRF)(8iaiahrock et al., 20219 used to simulate
atmospheric evolution. The simulation employs a single donf&@ L) with a horizontal resolution of 3 km, comprising

1,261 x811 grid points and 51 verdiclevels, with the top boundary at 10 hPa. The model physics configuration includes the
Morrison twaemoment microphysics scheridorrison 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 unifid Noah lanesurface mode(Chen and Dudhia, 2001Cumulus parameterization was
excluded due to the convemtipermitting horizontal resolution of 3 kfhi et al., 2023; Moker et al., 2018)

Similar to previous studies (Jiang et al., 2017; &fid Sun, 2023), the target region of Southwest China in this study is defined

as the area within the rectangular domainr3® N, 93-110°E (Fig. 1). This region encompasses the Hengduan Mountains,

the YunnarGuizhou Plateau, and the Sichuan Bai,msed t he model configuration de
experiments were conducGMWRissi imhiVvasti ogal{ dabhe R MPPa@&ATCh T ¢
daifloyl,| oweldc ybeyl iandi2data assi mil atfi oneTphres tpordi naanrdy ad isfufbesreegn
experiments |ie in the assimilated data and assi mhl at i c
intervalGMWR6 H eemtepnatr i@M@WBads si mi | ati on to the CNTLGMWR up,
'"s i mpac GMWRBeH GMMWIE&rl Ht, wa sex pré 1l iaBdMiREpd tah WG T 3
handhihtervals, respecti velvy,t itom dGARae siticne ||l eaft i @t s of ¢

assimilation

The assimilation experi m&knyt < owmdrid iomnrsd Wateed oun cher unlcearn
operators under clAdUdy xgre r rriariemyt sc owedraey icmoensd.@ocdt  d 208w ©ct ab
Among the available GMWR observations from August to Oc
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Figure 1. Computational domain (shaded).The shadingdenotes topography (units: m). The green rectangle denotes the target region
of Southwest China. The bluspencircles denote radiosonds. The 'x' and '+' symbols denote HATPRO and MP3008, respectively.
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Table2 Experimental design

Experiment Assimilated Data Assimilation Interval

CNTL GTS 6h

GMWR_6H GTS andGMWR 6h

GMWR_3H GTS andGMWR 3h

GMWR_1H GTSandGMWR 1h

3 Machine learning based bias correction folGMWR

3.1Bias characteristics

Variational assimilation assumes that both observation
185 However, due to instrument errors, ' imitationsbofghhbhere&

temper(aQanrdessi mul ghedess(Bepmpehatrenéesy cohtaaldn) ,erwlirch (|

exhibit a biased distribution. Bias correction isowe cru
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To estimate the bias and develop a bias correction schen@MuYR direct assimilation, dong-term experimentwas
conductedfrom Augustto October 2023yielding a threemonth samplalataset In this experiment, the WRF model was
initialized every éh usingNCEP FNLdata, and WRFDA operated hourly in monitoring mode (only calog@-B) . Af t e
a cloud check usinthe AGRI-based CLM an@gross checklD-B< 20 K), the bias of O-B fo
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 aliad) and exhibit high correlation coefficients, indicating strong agreement
between the simulations and observations. However, the spaittésfor some channels form two distinct clusters. To further
investigate, representative channels fromKhband (water vapor absorption lines) and tfieband (temperaturesensitive

oxygen absorption lines) were selected. Figure 3 presents scatterplots for chatwisn (and channel 13-bang of
HATPRO,as well axhannel 1K-band and channel 144{-band of MP3000A. Results for the remaining channels are shown

in Fig. Al andFig. A2. For HATPRO, more than 6,000 samplesreanalyzed T h e O -wé&ell2 Kafer ehannel 1

and 2.14 K for channel 13, with standard deviations (STD) of 3.35 K and 2.82 K, treslgedditionally, the scatter
distributionfor channel 13 is not centered, showingjwstershifted to the right of the diagonal (F&p). For MP3000A, more

than 2,000 samplegereanal yzed, with O-B biases of n3nel6 1kK4 .f olrtveze hCa—nBn
3.94 K and 3.08 K, respectively. Similar to the results for HATPRO channél-baifd, the scatter pointgor MP3000A

channel 14Y-bang also show &lusteroffset from the diagonal, but to the left (Fig. 3Based ortheseresults,significant

O-B bi ases a&GM@R absetvations, evith theincharacteristics varying across different sensors and channels.
However, the correlation coefficients between observed and simulated brightness temperatures are high, &, least 0.9
suggesting that these biases can be effectively corrected.
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Figure 3. Scatterplots 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. Each panel di splays the number of
deviation (STD), and the correlation coefficient (r) between observed and simulated Tb.

To further analyze the O-B bias characteristics at eac
diagonal Fig. 3b and 3d), the statistics for each station are presentdegn4 . For HATPRO, the O-B
stations.Stations near complex topography (e.g., 56312, 56137, 56029, and B5&86H)i b i t notable posit
channels 813 (Fig. 4a), kading taa rightward shift of the band relative to the diagdiféd. 3b). These positive biases may

result from biases in the background field over the topographic region, the limited applicability of Rjbreévéfficients, or
calibration issues in the observaio@verall t h e @teBch Safiddor theK-bandis larger than that for thé-band

(Fig. 4b). The correlation coefficients between observed and simulated brightness temperatures are high across all channel
(typically above 0.90), although they askghtly lower for channels-®. For MP3000A, station 57461 exhibits a negative
O-B bi as i-M(FoHd),canteiduting td the band shifting to the left of the diagdrial 3d). Similar to the results

for HATPRO, t h &-babdisRieme&allyDargerrthart thaein thé-band(Fig. 4e), and the correlation coefficients

are also overall higher, typically exceeding@Big. 4f).
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Figure 4. Statistics at each station based on samples collected from AugusQotober 202301 B (a) bi as and (b) si
(STD) for HATPRO; (c) correlation coefficient (r) between observed and simulated brightness temperatures for HATPRO; ()
same as (&c) but for MP3000A. Some stations did not provide observations forpecific channels; the corresponding missing data

are displayed in grey in the figure.
3.2 Bias correction

Based on the results above, noticeable O-B biases were
locations of stations. It issgential to remove these biases before assimilation. Static bias cor(eetidie and Kelly, 2001)

and variational bias correctiofDee, 2005)are commonly used in radiance data assimilatidnB bias is commonly
represented using multiple linear regression with several predictors. Compared to linear estimates, nonlinear approaches shc
improved performance in reducisgstematic biases (Zhang et al., 2023, 20Rd)owing theseworks, this study employed

a machine learningpased bias correction scheme using the Random Forest (RF) technique (Breiman, 2001).

According toYin et al. (2020) the predictors includihe 1000-300 hPa thickness, 2680 hPa thickness, model surface skin
temperature [S) and total precipitable watePY{V). Corsidering thatGMWRs are sensitive to theower atmosphere, the
predictors also include 106000 hPa thickness, 76800 hPa thickness, 56300 hPa thickness, & temperatureT2), 2m

water vapor mixing ratioQ2), 10 m zonal wind (J10), 10 m meridional wirn (V10), and surface pressurB$. Finally,

10
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latitude, longitude, and observed brightness temperaftitBsareincludedas predictors due to thgmotentialimportance
(Zzhangetal.,2023) The O-B biases vary across sensors andseegsbranne
and channel. Biases also vary across the geographical locations of stations, potentially influenced bystzdammegraphy

of the Tibetan Plateau. As predictors, 2 m temperature, surface pressure, latitude and longitude are important for explainin
these biases.

There are two types of parameters in machine learning models: model parameters and hyperparameteasaiviees@are
initialized and updated during the learning process. Hyperparameters, on the other hand, cannot be directly estimated fror
data. They must 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 tuninigh is a key component of developing an effective
machine learning nael (Yang and Shami, 2020)

The RF model hafour key hyperparameters: the number of trees in the faresstimators the maximum depth aftree
(max_depth the minimum number of samples required to split an internal node $amples_sp)it and the minimum

number of samples required to beadeaf noderfin_samples_leaf These hyperparameters were tuned usoikjt-learri s
GridSearchC\{Pedregosa et al., 201&)th 5-fold crossvalidation, which exhaustively searches over a predefined range of
hyperparameters, training and evaluating thedeh for each configuration. The flowchart illustrating the training and
evaluation process of the bias correction (BC) model is showigirb. The threemonthsampledataset(described in Sect

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

grid of possible hyperparameter configurations, iteratively trained and evaluated the model for each, and calculated a score
Finally, the optimized model was trained using the configunatiith the highest score.

Sample from WRFDA output

l l

| Training set (70%) | Testset (30%) |

! | 1
1 1 1
1 | 1
! 1 1
! ] 1
! I 1
| ikt —— i [ Bias cc;;rection |
! candidate, | e -

A G ... | :2; : : fiodel !
! | parameter S, {s = £ ) S, : '
I . candidate, 3 5 . 1 I
I grid oy T s, = i i
I [ o — —— 1 I
I 5 fold CV|| , + + I
: l . l ! | Predicted || Original |,
: [ O-B Oo-B |
I The hyper-parameter I !
i for best score ; :
: l : v v :
! 1
1 ‘ The optimized model }— : Corrected O- 1
1 1 1
! Model Train | «--~Model Evaluation-----»

Figure 5. Flowchart of the training and evaluation of bias correction model
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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 sHownr)g hyperparameter tuning, estimatorsvas

varied between 18nd150,max_deptiwas adjusted from t 30, min_samples_leafas tested with values betweearid3,
andmin_samples_splilvas tuned in the range oft@ 6. Overall, the fit time and scofended to increase togethdss the
min_samples_leafndmin_samples_splfiarameters increased, both fit time and score decreased monotonically. Conversely,
increasing thenax_depthandn_estimatorgparameters 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. Fan_estimators

the score increaseddarithmically, while the fit time grew linearly. These findings suggest that selecting a moderately small
value for then_estimatorgparameter can achieve better results while reducing computational time.

Using the above bias correction (BC) model, thecoect ed O-B values are obt aibiased by
from the originalO — Balues The effectiveness of the BC modehi&sessed based the probability density functie(PDFs)

of the O-B di st r(sebkdg6iammAppendixm). Sinfilae to Fige 3, thanned 1 (Kand) and channel 13 {V

band) of HATPRO, as well as channel 1-ifnd) and channel 14 {&and) of MP3000A, are selected for detailed analysis

(Fig. 6). For HATPRO channels 1 and 13, the biag@§Dgar e 1. 24 K (3.38 K) andor2. 21
MP300O0OA channels 1 and 14, t he —b.i6ads eks ((3S.TODBs THe) differmma3s. pOelc t
between the test s@fig. 6) and the full dataset (Fi@) are negligiblewith maximum differences in biasand SO 0. 1 0
and 0 refp8etivilyhighlighting the strong representativeness of the testTéet.original PDBE generally exhibit a
unimodal shape, although their peaks deviate from zero. Moreover, some chaniheybdizpdalfeatures, often manifested

as secondary peaks superimposed on the primary distributinrissue that may affect 3R, which typically assumes the

errors to follow an unbiased Gaussian distribution.

After applyingtheBC model| boththe O-B bias and STre reduced, and the distribution becomes more sharply concentrated
around zero, accompanied by an increase in kurtbsisinstance, irHATPRO channel 1, the bias (STD) decreases from
1.24 K (3.38 K) to 0. 0 3hekurtosid magkddly ingreases feom p.%3 ¢ot Ol reotedythat teh i | e
PDFs of corrected ©B approximate an unbiased distribution, and the secondary peaks are effectively supphressed

results confirm that the proposB€ scheme effectively reducesthdhe bias and STD in the-B statistics, transforming the
PDFsfrom a bimodal to a unimodal distributiofhe bimodafeaturein the O-B PDFs corresponds to the two distinct clusters
observed in the scatter plots shown in FigSBecifically when onecluster is concentrated along the diagonal and the other
shifts to the righta peak forms on the positiveaxx i s o f tshresultiDg-iBa biviodal distributiofrrom the GB

PDFs (Fig. 6), both instruments exhibit a positive bias with a unimodariBistion in the kband In contrast, the “band

displays a bimodal distributiothe second peak appears on the right for HATPRO and on the left for MP3000A. These results
are consistent with the scatter plots shown in Fig. 3. Bftgérthe G-B PDFschang from a bimodal to a unimodal distribution,

indicating that the two clusters have been effectively merged
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300 Figure 6. Probability density functions(PDFs) o f t he OT71 Poased os & test setuandorlyselected 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, respectively Each panel
displaysthe number of samples (num), the mean (bias), standard deviation (STD), skewness, and kurtosis of the distributions.

305 Figure7 illustrates theD — Bias and STD for eaddHATPRO channel. Before BC, th® — Bias ranged from 0 to 2 K, with
the bias in theK-band (particularly channels-4) smaller than that in thé-band After BC, the bias for each channel is
approximately 0 K. I'n terms of the O-B ST D+7exhihitingismallerr an g
values compared to ot her c hangeshetmeen.0.5 @il 1.2 Khe 8plication bfehiBS T D o f
model significantly reduced both tiile— Bias and STDwith reductions 00.83K (97.1%) and 1.63 K§4.6%), respedvely.

310 Meanwhi l e, the corr ec tagaxin@tel¥audsias characteristicd centered agloursl peroainydicating

effective removal of systemati@ — Biases.
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Diagnosing the contributions of each predictor is crucial. Figai#ustrates he feature importance of several predictors for

HATPRO. This BC modelnormalizes the feature importance scores so that their sum equals 1. A higher score reflects a

strongerinfluenceof thepredictoron theO- B b i

ases.

Observed

brightness temper

pressure are significant contributors to BC for khband (water vapor channgl For theV-band(temperature chanrs)

observed brightness temperature, latitude, ancaseirpressure are the most influential predictors. The contributions of

atmospheric thickness predictors are smaller compared to the other predictors; however~F@01ePa thickness predictor

has a relatively larger contribution among them. This mapdmauséGMWR primarily observes radiation from the lower

atmosphere. Notably, surface pressure plays a critical role in Bddt-band which may account for the positive bias in

O-B observed aFig4a)l at eau

stati
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(

s t a n d based onda¢estisat tandany seleStddBrom 36 df th©thrBe-month

sample dataet collected from August to October 2023(c) Feature importance of the predictors used in the bias correction (BC)
model. For each band the shaded regions and solid lines represent the range and mean feature importance, respectively.

4 Direct assimilation of GMWR radiance observations

4.1 Assimilation impacts on initial conditions

The performance dBMWR assimilation in the observation space was evaluated. Rigsuenmarizes the biasand ST

t he

reduced

of O-B and observat.i

on

14

mi

nus

torda If yf seirse n(t O cA)a nsnted tsi. s tTi

c omp ar e dintheV-band Bpecifipadly; forichannél a1r@dMWR_1H (1h assimilation interval),
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O-B was -0.40 K and GMWRobsavations Gerela8simifated, W strulated brightness temperatures
became closer to the observations, resulting in snfali&s. Moreover, as the frequency @MWR observation assimilation

i ncreases, the bias and SiWardatr 6t he F®r-rBclgaaade BMBRY6HEt BV &
GMWR_3H, andGMWR_1H significantly decreased from 1.03 K, 0.92 K, and 0.56 ®toA STD val ues of 0.
and 0.34 K, respecti vel yamodglexptrimengh et hesdi hbeieeabseint®
suggests that increasing the frequency in cycling assimilation accumulates the impadbliVities, producing a higher

quality firstguess field for the final cycléD—A statistics were also computed based on the initial fields from the CNTL
experiment. Th©-A bias in CNTL is slightly larger than that in the GMWR assimilation experiments, with a nireatie
difference in the&/-band. Regarding the STihe CNTL experimenshows higher values across all channels, with the largest

di fference approaching 1 K. These results suggest that
fields and the observed brightness temperatiifes assimilation o6MWR observations effectively influences the brightness

temperatures, demonstrating the successful processBNYIWR data by the 3DVAR system.

¥ F
8 I —O0-A( N
o —1F ——0-B(GMWR_6H) — O-A (GMWR_6H) Nisish NN
- ——0-B (GMWR_3H) — O-A (GMWR _3H) S
[ —=0-B(GMWR_1H) — O-A(GMWR_1H) ‘\;
1 I 1 1 L I 1 1 1 I 1 1 L I 1 1 1 l 1 1 1 I L 1 1
2 4 6 8 10 12 14
Channel
L (b) — O-A (CNTL)
- = 0-B (GMWR_6H) —— O-A (GMWR_6H)
— - = 0-B (GMWR_3H) — O-A (GMWR_3H)
X 1 —=0-B (GMWR_1H) —— O-A (GMWR_1H)
O r
I_
"
0 1 l 1 L 1 l 1 1 1 I 1 1 1 l 1 1 1 I 1 1 1 I 1 1 1

Channel

Figure 8. Verifi cation of the initial conditionsagainstGMWR observations based on theéen-day assimilation experimentconducted
frdmM to 22 OcdapbkRBira0&2B8d (b) standard deviation (STD) of the
minus analyss ( OT A ) GMWRrassimHa#on in the target region of Southwest Chinagreenrectanglein Fig. 1).

The above evaluation demonstrates the successful implementation of the newly intf@EiVi&dadiance direct assimilation
in WRFDA. However, compared to brightness temperature simulations, greater attention should be given to the model stat

variables in the initiatonditions as they directly influence subsequent model forecasts. To thisagimsande observations
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in the target region of Southwest China were used to evaluate the im@&di/dR assimilation. The roemeansquare error
(RMSE) was calculated, and the RMSE differences between CNTL and other assimilation experiments areSgo@n in
Results indicate that assimilatim@MWR radiances enhances |dewvel temperature and humidity fields, with higher
assimilation frequencies offering the potential for additional improvem@NBVR assimilation has a neutral impact on
atmospheric tempature above 1 knabove ground level (AGL), where the RMSE difference is minimal. However, it
positively impacts lower atmospheric temperature, with the RMSE for temperature decreasing below 1 km AGL. Specifically,
the average RMSE improvements below ldom 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 th
initial conditions Theimprovementhecomes more pronounced witkcreasing altitudeAt 100 m AGL, RMSEreductions

are0.10 K (6.25%), 0.13 K (7.90%), and 0.19 K (11.3%0) in GMWR_6H, GMWR_3H, andGMWR_1H, respectively. For

the water vapor mixing ratio (QVAPOREMWR assimilation demonstrates a positive impact extendato the middle
troposphergwith average RMSEeductionsbelow 5 km of 2.3®%, 2.20%, and 1.986 for GMWR_6H, GMWR_3H, and
GMWR_1H, respectively. The impact @MWR assimilation and the effect of assimilation frequeaoggenerallymore
pronouncedrn the lower atmosphere, with average RM$&#&uctionsbelow 300 m of 3.0 % for GMWR_1H, compared to

2.43 % for GMWR_6H and 2.6 % for GMWR_3H.

It should benoted that the GMWR assimilatishowsa slight degradatioin the wind fields. The RMSE for zonahd
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 factors
(1) When assimdlting observed brightness temperasurthe adjoint model of the observation operator directly adjusts
temperature and humidity to optimize the simulation, while changes in the wind field are indirectly driven by these asljustmen
through the backgroundrer covariance. (2MWR 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 us
here is climatological and isotropic, whi does not fully align with evolving weather conditions, potentially resulting in

ineffective wind field improvements.
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Figure 9. Verification of the initial conditions against radiosonde observations. RMSEs are computed from adamples over the ten
day assimilation experiment conducted from 13 to 22 October 202Boot mean square error (RMSE)of (a) temperature, (b) water
vapor mixing ratio (QVAPOR), (c) zonal wind, and (d) meridional windin the target region of Southwest Chinggreenrectanglein
Fig. 1).

Based on the evaluation against radiosonde observations, the assimilaGdMWiR data improves the initial fields of
temperature and humidity, aligning them more closely with observations, particularly in the lower atmosgdigomnally,

the initial fields are validated agairgirfacestation observations, including measurements wf 2mperature, n relative
humidity, and 10m wind (Fig. 10). The RMSE differences indicate thaMWR assimilation effectively enhances tBan
temperature and humidity fields. Undethéurly GMWR assimilation, the temperature RMSE generally increased on the
southern side of the basin, whereas other regions showed a positive effect with reduced RMSE values. Moreover, the
temperature RMSE redticn in these positively affected areas further improved as the assimilation frequency increased, with
overall differences %)angi nd . ByYBNMKRdySHMIBassmilationtsho®s a negative
impact on2 mrelative humidity(RH) at a 6h assimilation frequency. However, the RMSE over the plateau decreases as the
assimilation frequency increases, with the RMSE difference shifting from positive to negativeGMWiR_1H experiment,

the RMSE is reduced by 0.276 (243.

Unlike the temperature and humidity RMSEs, the improvement in the wind field RMSE does not exhibit a distinct spatial
pattern. Compared to the CNTL experi memt Y +®e¢3 RMBEDAI7f f
( - 1%)0, andm =% - Q%)% GMWR_6H, GMWR_3H, andGMWR_1H, respectively. Similarly, the RMSE

di fferences for memi{d+®@mNa|l -Wi-Pd ®a)7,e ar0dn0EB: BYPWMGMWR_6H,
GMWR_3H, andGMWR_1H, respectivelyWhile the changgin wind RMSE are relatively small, the results indicate that
assimilatingGMWR data improves the initiatonditions with higher assimilation frequencies offering potential for further

enhancement.
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Figure 10. Verification of the initial conditions against surface station observations based on the terday assimilation experiment

conductedf r alm3 t o 22 OTthe pebcentagediffieren8esin RMSE (scatter) of temperature (T), relative humidity (RH),

zonal wind (U), and meidional wind (V) in the target region of Southwest China greenrectanglein Fig. 1). The grey solid line
400 representsthe topography height (m).

4.2 Assimilation impacts on forecast field

After presenting the improvements in the initial condigighis setion investigats the impact ofGMWR assimilation on the
24 h forecasts. The time series of RM&R the CNTL experimenand RMSEdifferences (assimilation experiments minus
the CNTL experiment) againstirfacestation observations f& mtemperature2 mrelative humidity, and0 mwind fields
405 are shown irFig. 11. In the CNTL experiment, the RMSE of temperature and relative humidity initially decreases and then

increases with lead time, while the RMSE of the wind field exhibits the opposite trereidimg at first and then decreasing.
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The mean RMSEs overtheB4 or ecast period are @.f3@r Kr dloat it eenpleu mit diir te
wi nd, and 2. 08 m sRedardifigassimitateon imgphcteiREI$E reduictiorfar temperaturgradually
decreasesapproaching zero at a lead time df, Gvith higher assimilation frequencMWR_1H) achieving a greater RMSE
reduction. Similar results are observed for relative humidity, where the RbtiiEtionalsodecreaseand approaches zero

at a lead time of 1B. GMWR_1H consistently demonstrates the largest RMSE reduction for relative hurkiditgver, it

should be noted that the direct assimilation of GMWR data caused a negguiaton relative humidity at a leachtie of 12

h. The degradation of wind fields (Fig. 9 )Fordhe dindtfigdlde nomo d e
increase in the RMSE difference with lead time was observed, as previously described. However, the RMSE differences
betweerthe assimilation experiments and the CNTL experiment remain overall negative, indicat@iyivd assimilation

improves wind forecasts. AdditionallgMWR_1H demonstrates the largest RMSE reduction in meridional wind, suggesting
that increasing the fregacy of GMWR assimilation may lead to further improvements. The quantitative statistics are
presented in Table 3. The temperature RMSE differences be®GMEWR_6H and CNTL are-0.012,-0.005, and-0.004 K

for lead time of 1-6 h, 1-12h, and 24 h, respetively. This gradual decrease in RMSE differeswath increasing forecast

time is also observed in other experiments and variables, indicating a weakening of the positive iBld&¢Rdissimilation

as the forecast period extends. When the impa@MWR assimilation is most pronounced (at a lead swiel-6 h), the
temperature RMSE differences range frobn012 K inGMWR_6H to—0.014 K in GMWR_3H, and-0.019K in GMWR_1H.

The temperature RMSE reduction increases with the frequen@MWR assimilation, a trend also observed in relative
humidity and wind, suggesting that increasing the assimilation frequency can further inipealeortterm forecasts.

Although these differences are small, the results reflect the potential for improvetiforedasts witlGMWR assimilation.
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Figure 11. Verification of the forecasts againstsurfacestation observations based on the terday assimilation experimentconducted

frolnd to 22 Q&KMSIEDb(Eack lize)far3he CNTL experiment and RMSE differences (colored lines) between the

assimilation experiments and the CNTL experiment for (a) temperature, (b) relative humidity, (¢) zonal wind, and (d) meridiai
430 wind.

Table3 RMSE difference againsurfacestation observations.

EXP Lead TemperatureRelative Zonal Meridional

time  (K) Humidity  wind wind
(hour) (%) m-% (m~$
GMWR_6 1-6 -0.012-0460 -0.0(0.400
H 1-12 -0.005-0.027-0.0(-0.006
minus
CNTL 1-24 -0. 00 40.046 -0.0(-0.003
1-6 -0.401 -0.604 -0.50(-0.500
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440

445

GMWR 31-12 -0.001 -0.036-0.0(-0.007

H
minus 124 -0. 00 30.072 -0.0(0.003
CNTL

GMWR_1 1-6 - 0190 -0271 -0.70(-0. 013
H -12 -0.012-0.087-0.0(+-0.013
minus

CNTL 124 -0. 0050.065 -0.0(-0.009

Verification againssurfacestation observations indicatéhat assimilatingsMWR radiancesmproves neasurface forecasts,
with higher assimilation frequencies offering potential for further enhancement. To further examine the inGidyYiaf
assimilation Fig. 12 presents the forecast verification against radiosatdervationsUnlike the RMSE differences the
initial conditiors (Fig. 9), the GMWR assimilation did not reduce RMSE for temperatarne water vapor mixing ratio,
indicating a neutral impact on forecasts. Similarly, the wind field verification results did notrshimeableimprovements
with GMWR assimilation. While the RMSE of zonal wind was reduced irGhBVR_1H experiment, the RMSE differences
for the wind field in other experiments were close to or greater than zero, suggesting a neutral to slightly mggetivef i
GMWR assimilation on windorecass. Based on radiosoneleased verification at 12 and 24 h lead times, only limited
improvements are evident after GMWR assimilation; however, this does not rule out larger impacts-@ithiwl@ich cannot
be robwstly assessed here due to the limited temporal availability of radiosonde observdtelsited improvement shown
in this figurecould be related tthe relatively long forecast lead times (12 andh24during which model errors tend to
accumulate and weaken the benefits of improved initial conditions from GMWR assimilatidhe surfacestation
verification, the improvements were primarily confined to the first few hours, particularly for tempeaxatuhumidityAfter

12 h, the impact declined noticeably, with some cases even exhibiting negative @ffgcid).
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Figure 12. Same asFig. 9, but for forecast s at lead time s of 12 and 24 h, with RMSEs computed from all forecast samples
during the ten -day experiment.

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 thea&S8two 18 km, equivalent to six
times the grid spacinfHa and Snydr, 2014; Zheng et al., 20245igure 13 presents the time series BSS forthe CNTL

assimilation

experiment andrSSdifferenceqassimilation experiments minus the CNTL experimenth e e X

conducted dwirtntgi (ah pferrd eelleyn oy scefr valtd aorn s .

t he

Cl o usdp acyoswedire a n (

tednay peri od, resulting in absence of frequermtmaldayv:
precipit at lintheiCNILexperimdntpthedSS forlfBaccumulated precipitati@howedan initial decline followed

by a subsequent increase with lead timigh relatively low FSS values observed around1Bé forecast periodVioreover,

the FSS generally decreases aspiteeipitation threshold increasddietime mear-SS values are 47, 045, 042, and 039

for thresholds o8 mmM mm, 5 mm, andé mm, respectivelyRegarding the role of GMWR assimilation in precipitation
forecasting, the results indicate that assiimptGMWR radiances enhances precipitation forecasts, with FSS differences
increasing progressively at higher precipitation thresholdilitionally, increasing assimilation frequanshowed the
potential to further enhance forecast performakidieen assimilatingsMWR data at a h frequency, the timaveraged FSS
improvements for & accumulated precipitation ared@.(3.9 %) for the3 mthreshold, M2 (4.7 %) for the4 mmthreshold,

0.03 (7.3 %) forthe5 mthreshold, and 04 (10.2 %) forthe6 mthreshold precipitation. Fort8accumulated precipitation

with a threshold o6 mm, the timeaveraged FSS improvements ar@100.02, and 003 for GMWR_6H, GMWR_3H, and

GMWR_1H, respectively. These findings are consistent with the above véoificagainstsurfacestation observations,
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470 suggesting thatGMWR assimilation can improve forecasts and that higrequency assimilation leads to further

enhancements.
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Figure 13. The time series of FS$black line) for the CNTL experiment and FSSdifferences(colored lines)between the assimilation
experiments and the CNTL experiment These experiments wereonductedf r ddr@ t o 2 2 OThe ESB was caltaea for
475 3haccumulated precipitationwith thresholds of(a) 3 mm, (b) 4 mm, (c)5 mm, and (d)6 mm.

5 Discussion conclusions and f uture work
5.1Discussion

This section discusses (i) O-B characteristics aitydofthei
the RFbased biasorrection (BC), and (iii) the impacts of direct GMWR radiance assimilation on analyses and forecasts.

480 Inthethreemont h O-B st at i &KtandisdargerttharethatSnitHg-band corsistent with/ural et al.(2024)
andCao et al(2023)A not abl e positi ve QaftiBidebtatiens over the Tobbtandlateae,dvhich mayh i g
be related to largecale topographic effectis this region, model simulations may contain errors, and RT-§0oefficients
may be inapplicableThe RTTO\Wgb coefficiens are based on global atmospheric profiles, which may differ significantly
from the climatic conditions of plateau regions, potentially affecting simulation accuracy.

485 To mitigate these systematiz— B  dsia machine learnindgpasedBC scheme using the REEchnique was developed. The
numberand deptlof treesare critical hyperparametsrthat must be predetermine@iraining time increases approximately

linearly with the number of trees, while performance exhibits a logarithkesaturation trendn terns of tree depth, both
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training time and performance increase approximately logarithmically with .ddjbihs, selectinga modest number
(n_estimatorsand depthroax_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 temperatures aligns with findings in satellite datchias corr

(Liu et al., 2022; Zhang et ak023) Atmospheric precipitable water is essential forkheand a humiditysensitive channel.

Surface pressure plays a key role in temperature channels, thereby accounting for the positigeitvied in plateau regions.
Although atmospheric thickness predictors contributed less overall, the- ZADOPa thickness was relatively significant,

likely due toGMWRs primarily sensing radiation from the lower atmosphere.

The machine learninasedBC s cheme effectively mitigated the bi modal
statistics.To assess itsnpacton theinitial and forecast fields, a parallel experiment without bias correction was conducted,
based on the h assimilation interal experiment (GMWR_1H)For 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 agairsstrface station observations showed that the absence of BC led to a
noticeabl e degradation in the forecast accuracy of 2 m
machine learningpased BC scheme had a beneficial impact on bwghinitial conditions and the subsequent forecasts
Nevertheless, despite its demonstrated effectiveness, the scheme is subject to several lirigdtinogson offline G-B
statistics, it implicitly assumes that all biases originate from the obsersatamn assumption that may not always hold and

may, in some instancesjask model bigs(Aulignéet al., 2007; Eyre, 2016).hese limitations motivate further improvements

in future work (Sect5.2).

In this study, direcassimilationof GMWR radiance enhances both the initial conditions and the forecasts,isb@aetential

for improving ABL and precipitation simulation8lthough the assimilation of GMWR radiarsgelds slight improvements

in the forecast wind fields (Fig. 11), it exerts an overajative impact on the wind fields in the initial conditions (Figlt9).

should be notethat assimilating GMWRadiancesmproves the wind fielsbelow 500m AGL in the initial conditions. This
improvement is consistent with tlverification of the forecst, which demonstrateenhancements in tHED mwind fields.
Regardinghe degradationf wind fields above 500n AGL, the background error covariance may contribute to this negative
impact Specifically, it propagates the RTT@G3bincrements concentrated in the ABL to higher levels and induces wind field

adjustments in response to temperature and humidity updates.

5.2 Conclusions andf uture work

To investigate the impact of directly assimilati@MWRs in Southwest Ching GMWR ass$milation modulehas been
developedn WRFDA-4.5, where RTTOWb is used atheobservation operatoBased on this module, a thre@nth sample

dataseb f O - Rollastadso evaluate the bias and develop a BC moHaftthermoretenday assimilation exgriments
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(Table 2)wereconductedusing thisGMWR assimilation module and BC model to investigate the impadire€t GMWR

assimilationand the effects of assimilation frequency. The main findings are as follows:

(1) Based on three months of hourly samptegst i ceabl e O-B biases were observed,
geographical locations. The machine learrldaged bias correction scheme, employingr& model, effectively reduced
theseO — Bystematic biases. After applying this BC model, tlothbias and STD of the-B were substantially reduced.
Specifically, the bias and STD decreabgd.83K (97.1%) and 1.63 K&4.6 %), respectivelyFor some channels, the
original O-B distribution exhi bi t edninaodabdistnutbadfterB@het er n
corrected O-B distributions exhibited Gaussian char act

(2) Assimilating GMWR radiancesenhances the accuracy of initial conditions, with higher assimilation frequencies
amplifying thepositive impact, particularly for temperature and humidity in the lower atmosphere. Evaluation against
radiosonde observatis shows that the temperature RMSE below 1 km AGL decreases b%3®%.32% as the
assimilation frequency increases from 6 H.th. For the water vapor mixing ratio, positive impacts extend up to 5 km
AGL, with average RMSE iprovements ranging from 1.98to 2.30%. Verification againssurfacestation observations
further supports these findings, indicating that the RMSE fort@mperature decreases by up to%.,lwhile the RMSE
for 2 m relative humidity decreases by up to % &t the 1h assimilation frequency.

(3) The assimilation o6MWR observations leads to improvements in forecasts, and increasing assimilation frechasncies
the potential toyield further improvemerst In the first 6h of the forecast, the temperature RMSE decrebg®.012 K,

0.014 K, and 0.a9K with 6 h, 3h, and 1h assimilation frequency, respectively. Similar trends are observed for relative
humidity, wherethe experiment with h GMWR assimilationfrequencyshows the largest decrease in RMSEMWR
assimilation also improves precipitation forecasts, with furtheaerdments seen as assimilation frequency increases.
For 1h GMWR assimilation, timeaveraged FSS improvements read?2@or boththe 3 mmandthe4 mm, 0.03 for the

5 mm, and M4 for the6 mm thresholds.

Despite these encouraging results, this studysba®e limitations that motivate future woiRegarding bias correctiothe

offline scheme lacks anchoring observations, rendering the analysis fields more susceptibleh@médélre efforts should

consider bias correction strategiesed omunbiase reference observations or adagbnstrained correctioschemesuch as

the constraineddaptivebiascorrection (Han and Bormann, 2018he GMWR assimilation was implemented using 3DVAR,

based on RTTOMb and WRFDAandonly static backgroundrror covariances weemployedn this study. The background

error covariance matrix plays an important role in variational data assimilatibiiis typeof covariances climatological,

spatially homogeneous, and isotropic. Trhisy limit the impact o6MWR assimilation, and flowdependent error covariances

should beconsideredn future work.

Moreover, only clearsky GMWR radianceswere assimilated in this study. Since precipitation processes are often

accompanied by extensivioad cover, few cleasky GMWR observationsvere available. To better explore the potential of

GMWR assimilation, experimentgere conducted duringeriods with abundant cleaky GMWR data(e.g., a terday period

in October 20238 which coincided with minimal heavy precipitation. Studies on satellitekgllssimilatiorhave shown that
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incorporatingcloud and precipitatioraffected data improves forecaghda et al., 2022; Xian et al., 2019ighlightingthe
need for future research on-aky assimilation ofGMWRs. Under such conditions, assimilation experimettsild be

555 conductedduringadifferentor longerperiod given that assimilate@ MWR observations would be relatively more abundant.
It is notedthat GMWRs exhibit higher sensitivity and provide more valuable observations of the lower troposphere and
planetary boundary layer compared to satebiised microwave radiometdfshi et al., 2023)Building on this study, future
research could explore the joint direct assimilation of satdlised and grourdased microwave radiometers. more

comprehensive evaluation of upgar impacts could also be performed using additional independent observations, including
560 aircraft reports and radio occultation data.
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Figure A1 Scatterplas of observed brightrss temperature (Tb) versus simulatedfdbHATPRO. Same as Fi§. but for

additionalchannels.
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Figure A2 Scatterplat of observed brightness temperature (Tb) versus simulatéor MP3000A. Same as Fig.but for
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Appendix B: PDF distributions of O1 B
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