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Abstract. The application of grounlased microwave radiometer8M/RGMWRs), which provide higiguality and
continuous vertical atmospheric observations, has traditionally focused on the indirect assimilation of retrieved pisfiles. T
study advanced this application by developing a direct assimilation capabiliy#&tGMWR radiance observations within

the Weather Research and Forecasting model data assimilation (WRFDA) system, along with a bias correction scheme bast
ontherandom forest technique. The proposed bias correction scheme effectively reduced the obseirvagibackground
(O0-B) bi ases and s83Kna4d %)danddles8Ki (8416 Pop respectively. A series of tetay-long
experiments demonstrated that assimilatifig/RGMWR radiances improves both the initial conditions and the forecasts,
with additional benefits from higher assimilation frequencies. In the initial conditions, hourly assimilation significantly
enhanced lowevel temperature and humidity fields, reducing the-raeainsquare-error (RMSE) for temperature and water

vapor mixing ratio by6.32% bel ow 1 ®&mbahdwl598Bm. These i mprovemants
temperature and humidity showed sustained benefits for over 12 hours, and precipitation forecastsiexhibitechents to

a certain extembtable-gainsparticularly-for-higherintensity-eventThe timeaveraged Fractions Skill Score (FSS) fan 3
accumulated precipitation within the Bdorecasts increased bydd02—-0.11-04 (203.29-5810.1-2 %) for thresholds 063—

156 mm.

1 Introduction

Data assimilation (DA), a core component of numerical weather prediction (NWP), plays an important role in intpeoving
forecast accuracy by integrating observational data to refine initial cond{Baner et al., 2015; Gustafssenal., 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. Corresporsditedlyeborne
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microwave radiance observations have been extensively studied and are considered among the most influential contributors
data assimilation systeniGeeret al., 2017; Kim et al., 2020; Candy and Migliorini, 2021)

Unlike satelliteborne microwave radiometers, grounbdased microwave radiometerdM¢(RGMWRs) offer unique
advantages for DAncluding high temporal resolution (mindi&vel) and greateensitivity to the atmospheric boundary layer
(ABL). Over the past two decades, the assimilatioéfRGMWRs has been increasingly studied, leading to improvements

in the accuracy of NWP/andenberghe and Ware, 2002; Otkin, 2010; Hartung et al., 2011; Otkin et al., 2011; Caumont et al.,
2016;HE-He et al., 2020; Qi et al., 2021, 2022; Lin et al., 2023)e assimilation of retried temperature and humidity
profiles fromMWRGMWRs has shown improvements in forecasting fog, storms, and precipitation. However, the reliance on
indirect assimilation methods introduces uncertainties and complicates error quantification, which limivehnai
effectiveness in enhancing forecast accur@dstinet-etal—2015Caumont et al., 2016vlartinet et al., 20Z; Lin et al.,

2023)

Direct assimilation ofAWRGMWR 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., 202aYl utilizes fast radiative transfer models (RTMs) as observafierator, such as
theRadiative Transfefor Television and Infrared Observation SatellR§ TOV) (Saunders et al., 2018joweverthe unique
characteristics of upwafidoking MWRGMWR observations, such as sensitivity to nsamface conditions, require
specialized RTMs and adaptation of existing techniglieis noted that studiebegan todevelop fast RTMs suitable for
MWRGMWR, which provide a foundation for constructing observation operators for assimilatiodWRGMWR
obsevations(De Angelis et al., 2016; Cimini et al., 2019; Shi et 2824025). The RTTOWgb, a grounebased version of

the RTTOV modelwas used to simulaterightness temperatufeom MAWRGMWRS, demonstratindiigh accuracyDe

Angelis et al., 2016, 2017; Cimini et al., 201Rgcent studies have demonstrated the potential of 8@ GMWR radiance
assimilation using RTTO\gb to improve temperature, humidity, and precipitation fored&ss et al., 2023; Vural et al.,
2023)

Despite these advancements, previous studies have typically relied on l&iB&MWR 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, whire presence-afomplex topography often leads to significant model bi@garg et

al., 2020; Wei et al., 2021Yhese biases make accurate bias correction essemtiahgroving the effectiveness of direct
assimilation, while traditional bias correction apprasateveloped for satellitborne microwave radiance observations are

not directly applicable tgreundbasedMVRGMWRS.

To address these issues, this studygirsteesthe RTTOV-gb into the Weather Research and Forecasting Data Assimilation
(WRFDA) {Barkeret-al—20125ystem(Barker et al., 2012Jo develop a direcassimilation module fodMARGMWR

radiances. A nonlinear bias correction scheme based on machine learning is also consing:teskd-orthree months of

2



70

75

80

85

90

observational data. The impact of dire8B/RGMWR assimilation is then investigated through a series efisgnexperiments

conducted in Southwest China, a region shaped by the influence of the Tibetan Plateau and characterized by complex terrai
The remainder of this paper is organized as followsi@e2tdescribes the data, the implementation of RTIgbVh WRFDA,

and the model configuration. Section 3 evaluates the performance of the bias correction-$ehensd-bySectiorSect.4
presentingpresens the impacts oMWWRGMWR assimilation on the initial and forecast fields. Toaclusions and discussion

are presented iBect.5.

2 Methodology
2.1Data

Two types ofMWRGMWR sensors were assimilated in this study, as shovaiginl: the MP3000A andhe Humidity And
Temperaturérofiler (HATPRO). Atmospheric radiance is measured as brightness temperatures in 14 channels for HATPRO
and 22 channels for MP3000A (Table 1). For HATPRO, chanrélsafe in the<-band-band while channels-84 are in
the Vband/-band Similarly—for-For MP3000A, channels-B are in thek-baneK-band and channels-22 are in the/
bandV/-band The K-bandK-bandchannels correspond to humidignsitive water vapor absorption lines, whereas\the
bandV/-bandchannels correspond to temperatseasitive oxygn absorption lines.
The FengyumB (FY-4B) Advanced Geosynchronous Radiation Imager (AGRI) cloud mask (CLM) is used to identify
MWRGMWR-observed brightness temperatures under -dkprconditions. The AGRibased CLM product has a temporal
resolution of 15minutes and a horizontal resolution of 4 km, categorizing conditions as confidently cloudy, probably cloudy,
probably clear, or confidently clear, with corresponding values of 0, 1, 2, and 3, respébinady al., 2017)Due to its high
quality, this cloudnaskproduct is widely applied in satelliiata assimilatiorfYin et al., 2020, 2021; Xu et al., 2023; Shen
et al., 2024)
The National Centers for Environmental Prediction (NCEiRal Operational Global Analysis data (FNI0125°%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, radiosond
and aircraft rports. The hourly precipitation analysis product from the China Meteorological Administration Multisource
Precipitation Analysis Syste®hen et al., 2014)as used for evaluation. This dsgeshas 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 fokMA/RGMWRS

Frequencies fok-baneK-band Frequencies fo¥-band/-band

(GHz) (GHz)

Sensor

22.240;23.040;23.840;25.440; 51.260;52.280;53.860;54.94C

HATPRO  26.240:27.840:31.400 56.660;57.300;58.000
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51.248;51.760;52.280,;52.804
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;57.28¢

57.964,58.800

MP3000A

2.2 Assimilation system and observation operator

The WRFDA system, developed by the NatioBehter for Atmospheric 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 8RNAR is used for the direct assimilation/ddiA/\RGMWRs
radiancesThe 3DVAR algorithm produces the analysis by minimizing a scalar objective cost function:

Ve - o A e o -« E o N « £ e | )

wheree ande represerntthe analysis and background fields of the model variablissthe vector of the observations, and

"Aandn represent the background and observation error covariance matrices, respectively. The covatiaresmatrix

determine the weigh$ assigned to the background and observations in the analysis, dictates how localized observation
information is distributed vertically and horizontally in the model space, and maintains the balance among the model's contro

variables£ is the norlinearobservation 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., tempigsature),
theprimary roleofthe-obseration-operatois to perform spatiotemporal interpolation of model grid values to the observation

space. For unconventional observations (e.g., reflectivity and radiance), where the model state cannot be directly compare

with the observations, the obseti@n operator must 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@hichusesthe diference 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&uomdirol variables option 5 (CV5) is adopted for the

background error covariance used in 3DV.AR/5is domaindependent and therefore must be generated based on farecast

ensemble dataver the same domairit utilizes streamfunctionunbalanced velocity potentjalinbalanced temperature

unbalanced surface pressuardpseudo relative humidityn thisstudy, 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®zero in WRFDA, resulting in a diagonal

observatiorerror covariance matrix. Observation errors were specified based on the standard deviat®n of O

RTMs serve as observation operators for assimilating radiance data by mapping model variablEsfergture and water

vapor) into radiance space. RTTOV, a fast RTM, is widely used for assimilating satellite radiapeshéatainvelves
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downwardloeking-observationsHowever MWRGMWR radiancesare upwardooking microwave observationdiffering

from the downwaredooking measurements of satelitberne microwave radiometevbich-differfrom-the-downwartboking
observation-of satelliteT his difference in direction makes RTTOV difficult to applyi¥RGMWR radiancesssimilation.

Fortunately, RTTOWb can simulate brightness temperatures fld#tRGMWRS, and serves as the observation operator in

this study. The weighting function (WF) quantifies the contribution of emissions from each atmospheric layer, and the
maximum WF height indicates which atmospbdayer contributes most to the measured radid@@arier et al., 2008)
According to Cui et al. (2020), WFs are calculated as the derivative of transmittance with respect to the natural I§égarithm o
pressureThe vertical distribution of WFs for HATPRO and MP3000A, calculated URIRGOV-gb, is shown irFig. 2. The

WFs reach their maximum at 1000 hPa and decrease monotonically with height. These results confirm that the lower

atmosphere contributes most to the observed radiation across all channels, consistent with the fidhlingsaif (2012)
It should be noted that RTTOYb is not included in the publicly available version of WRFDA. To address this limitation,
GMWR direct assimilation module was developed within WR i Htad

from the singleobservation assimilation experiment confirm that #W/RGMWR direct assimilation modul@erforms

functionscorrectly. The temperature and water vapor increments are horizontally isotropic and show a maximum at lower
atmospheric levels verticallyFig. 2)._It should also be noted that this experiment was conducted to verify the correct

performance of the GMWR direct assiation module and to provide valuable insights into the characteristics of GMWR

assimilation. However, it is not representative of the subsequentahslivation, mulichannel assimilation experiments.

2.3Model configuration and experimental design

In this study, version 4.5 of the Weather Research and Forecasting (WRF)&l@earock et al., 20219 used to simulate
atmospheric evolution. The simulation employs a single donfag 1) with a lorizontal 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 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 radigtioessc
(lacono et al., 2008)and the unified Noah larslrface mode(Chen &ad Dudhia, 2001)Cumulus parameterization was
excluded due to the convectipermitting horizontal resolution of 3 kfhi et al., 2023; M&er et al., 2018)

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

as the area within the rectangular domain-38MN, 93°-110E (Fig. 1). This region encompasses thengduan Mountains,

the YunnarGuizhou Plateau, and the Sichuan Basin, and is generally consistent with Chinese administrative divisions.

Based on the model configuration described above,off our
MWRGMWRassi mil ation (Tabl e 2)0.0 BJlcCh deaxi pleyr,i menrcto r ptoa ratt d ch ga
foll owecdhfbyeaag¥d. The primary differences among these e
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rejected, respectively. The detailed procedure prior to
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simulated cl ouaqgdazleutoad water path
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(B)Bias Caoaarmad¢hiome | earning bias correction scheme was ¢
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observati onackj examéstionabledatar t her




40°N

35°N 1

30°N

25°N 1

o "c)
o O

X MWR (HATPRO)  +MWR (MP3000A)  OSONDE
15°N . . . . k . . . ‘
SPS°E 80°E 85°E 90°E 95°E 100°E 105°E 110°E 115°E 120°E

20°N 1

200 800 1400 2000 2600 3200 3800 4400
m

Figure 1. Computation domain(shaded). The shaded denotes topography (units: m). The green rectangle denotes the tamegion
of Southwest China. The blue empty circle denotes radiosonde. The 'x' and '+' symbols denote HATPRO and MP3000A, respectively
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Table2 Experimental design

Experiment Assimilated Assimilation
P Data Interval
CNTL GTS 6-hour
GTS and
MWRGMWR 6H MWRGMWR 6-hour
GTS and
MWRGMWR 3H MWRGMWR 3-hour
GTS and
MWRGMWR 1H MWRGMWR 1-hour

3 Machine learning based bias correction foMAR-GMWR

3.1Bias characteristics

Variational assimilation assumes that both observation
However, due to instrument errors, I|imitations of the RT
and simattaaedes (B) i nherent an'dconwhi ahemayprexiliideinotadhb
correction is a crucial process in radianc(Aulighéetah 20095 s i mi

Dee, 2005 I n the real at mosphere, ()aptuB #8aheir ep a sadse dsthaoswent
Eq( 2) :
/" /I 4 T | t o, (2)

I t sthioatise st ati stical -Bexmepgtasemnmin tviae usgy stf)e @ahteirce fdoervei,a tiit
to evaluate the +1Bi aamndc lceorracetcar itshteimcs of O

To estimate the bias and develop a bias correction schemé@¥EBGMWR direct assimilation, dhreementdongterm
experimem was conductefrom August to October 2028yielding a threemonth samplelataseto-ebtainatarge-rumberof
sampleslin this experiment, the WRF model was initialized every 6 hours @GP FNLdata, and WRFDA operated
hourly in monitoring mode ( onl ythecA@RI-baged EitMeand@+ B)s.s Afhteerk ¢
20 K), the bias of O-B for HATPRO and MP3000A was estim

A comparative scatterplot analysis of observedsimiilated brightness temperatures was conducted. For most channels, the

scatter points are closely aligned along the diagonal and exhibit high correlation coefficients, indicating strong agreement

between the simulations and observations. However, theséat some channels forms two distinct clusters. To further

investigate, representative channels fromKhkeand (water vapor absorption lines) and tfieband (temperaturesensitive

oxygen absorption lines) were selected. Figure 3 presents scatterplots for chaf#®nd (and channel 13-band of
HATPRO, and channel K¢band and channel 14M-band of MP3000A. Results for the remaining channels are shiown
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Figures A1 and A2For HATPRO, more than 6,000 samples analyzed for channels 1 and.13 The O-B bi ases

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 étributionfor channel 13 is not centered, showingustershifted to the right of the diagonal (ERb). For MP3000A,

more than 2,000 samples are analyzed for channels 1 and

14.TheG B STDs are 3.94 K and 3.08 K, respect iViband, the scatermi | a
for MP3000A channel 14M-band also shows alusteroffset from the diagonal, but to the left (Fig. 3Bpsed orthese

resultss i gni f B hiages are dBtected@MWR observations, with their characteristics varying across different sensors

and channelddowever, the correlation coefficients between observed and simulated brightness temperatures are high, at leas

0.95, suggesting that these biases can be effectively corrected.
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Figure 3: Scatter plot of observed brightness temperature (Tb) versusimulated Th, based 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-bandK -band and \/bandV-band, respectively. Each panel displays the mab e r

of sampl es

standard deviation (STD), and the correlation coefficient (r) between observed and simulated Tb.

To further

diagonal Fig. 3b andd), the statistics for each station are presentdeign4 .
stations.Stations near complex topography (e.g., 56312, 56137, 56029, and B5&86H)i b i t

anal

yze

the O-B bias

characteri st ingdromathe
HATPRO,

For

channels 8 to 13Hjg. 4a), kading to a rightward shift of the band relative to the diag@igl3b). These positive biases may

result from biases in the background field over the topographic region, the limited applicability of Rjplco¥fficients, or
calibration issues in the observatio@onsistent with results for all statiorsgeh-station-shows-thath e
stationfor thek-bancK-bandis larger than that for thé-band/-band(Fig. 4b). The correlation coefficients beeen observed

and simulated brightness temperatures are high across all channels (typically above 0.90), although they are slightly lower f

O - B edSHT D

channels 4 to Rega

valves-are-high-but-slightly-lowerfor-channels 4-t6 @ r

11

MP3000A,
9 to 14 Fig. 4d), contributing to the band shifting to the left of the diagoRig. 3d). Similar to the results for HAARO, the

station

57461

ex hi

(num), the
eac
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notabl e posi
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O-B ST DK-ban-bahdés generally larger than that in thebaneV/-band(Fig. 4e), and the correlation coefficients

are also overall higher, typically exceeding (=&y(4f).
(b) STD for HATPRO  (c) R for HATPRO

(a) Bias for HATPRO
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(f) R for MP3000A STD K)

2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20 21 22
Channel

0.80 0.82 0.84 0.86 0.88 0.90 0.92 0.94 0.96

|250 Figure 4: Statistics at each statiorbased on samples collected from August to October 20S3atisticsforeach-stationOT B ( a )
and (b) standard deviations (STD) for HATPRO; (c) correlation coefficient (r) between observed and simulated brightness
temperatures for HATPRO; (di f) same agal ¢) 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

255 Based on the results above, not i c esensdrse chadreB, afdithe geagraphical r e

locations of stations. It is essential to remove these biases before assimilation. Static bias ogpteedscand Kelly, 2001)

and variational biacorrectior(Dee, 2005are commonly used in radiance data assimilation. These methods typically assume

a linear correlation between the biases amgheselected predictors. Howeyaronlinear sources of bias are common, and

Zhang et al. (2023)lemonstrated thahe-nonlinear scheme outperforrise-linear scheme in reducing systematic biases.
260 Following Zhang et al. (2023)this studydeveloped a machine learnibgsed bias correction scheme, using the Random

Forest (RF) techniqu@reiman, 2001)
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Following Yin et al. (2020) the predictors include 1,00B00hPa thickness, 2880hPa thickness, model surface skin
temperature [S) and total precipitable watePYV). Considering thaMWRGMWRs are sensitive to thiowedow-level
atmosphere, the predictors also include 1;000hPa thickness, 78800hPa thickness, 50B800hPa thickness, 2m
temperatureT2), 2m water vapor mixing rati@@), 10m zonal windy10), 10m meridional wind\{10), and surface pressure

(PS. Findly, latitude, longitude, and observed brightness temperafiifgsare included addedas predictors due to their
potentialpessibleimportance(Zhang et al., 2023) The O-B biases vary across sensor
model istrained for each type of instrument and channel. Biases also vary across the geographical locations of stations
potentially influenced by the larggeale topography of the Tibetan Plateau. As predictors, 2 m temperature, surface pressure,
and latitude antbngitude 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 theaoithecannot be directly estimated fréwa

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 determiniiigahenodel architecture and
hyperparameter configuration is known as hyperparameter tubhlig-hHyperparameter tunings a key component of
developing an effective machine learning magd&lng and Shami, 2020)

The RF model has four key hyperparameters: the number of trees in therfoesdin@tor9, the maximum depth of the tree
(max_depth the minimum number of samples required to split an internal node $amples_spjit and the minimum

number of samples required to be at a leaf nada_(samples_leaf These hyperparameters were tunsihgiscikit-leard s

GridSearchC\(Pedregosa et al., 201vijth 5-fold crossvalidation (CV), which exhaustively searches over a predefined range

of hyperparameters, training and evaluating the model for each configuration. The flowchart illustratimgnihg #&nd

evaluation process of the bias correction (BC) model is shotig.ibb. The threemonthsampledataset(described in Section

3.1) datasetvasrandomlysplit into a training set (796) and a test set (3®). During training, GridSearchC¥bnstructed a
large grid of possible hyperparameter configurations, iteratively trained and evaluated the model for each, and calculated

score. Finally, the optimized model was trained using the configuration with the highest score.
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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 veer@yzed (figure not shown). Overall, the fit time and score demonstrated a positive
correlation. As themin_samples_leaind min_samples_spliparameters increased, both fit time and score decreased
monotonically. Conversely, increasing timax_deptrandn_estimatorgparameters resulted in a monotonic increase in both

fit time and score. Notablynax_depthhad the most significant impact on the score, whilestimatorgprimarily affected the

fit time. Forn_estimatorsthe score increased logarithmicaliyhile the fit time grew linearly. These findings suggest that
selecting a moderately small value for theestimatorgparameter can achieve better results while reducing computational
time.

Usingtheabove bias correction medelby tshédtcarcrnte antged h@-PBriedi al
The effectiveness of the BC model was assebsartl on the probability density functions (PDEs)theO—-B di st r i b u

using the test selEor most channels, the PDFEs exhibit a unimodal patiéth peak positions deviating from zero, indicating

t hat the O-B values are biased. For some channel s, t he

superimposed on the primary one. Although these issues are present in the agsigibalidns, after bias correction, the PDFs

approximate an unbiased distribution, and the secondary peaks are effectively suppressed, demonstrating the effectiveness
thecorrectionFr om t he scatter plots i n Filganis8ue thdtmay affect ar,dvhicht r i bt

typically assumes the errors to be unimodal (Gaussian). Similar to Fig. 3, chai@elahd and channel 13\-band of
HATPRO, as well as channel K{and and channel 14-band of MP3000A, are selected for dded analysis (Fig. 6).
Results for the remaining channels are presented in Figures B1 anhdeB#iases for HATPRO channel 1, HATPRO channel
13, MP3000A channel 1, and MP3000A channel 14 are 1.24 K, 2.21 K, 3.00 K0 .84XK, respectively, withorresponding
STDs of 3.38 K, 2.90 K, 3.89 K, and 3.08 K. The differences between the test set and the full dataset (shoBh aneFig.
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negligible, with a maximum bias difference of 0.10 K and a maximum STD difference of 0.08 K, highlighting the strong

representativeness of the test set. From the PDF distributionsBof®©th instruments exhibit a positive bias in Kdvand

with a unimodal distribution. In contrast, a bimodal distribution is observed i b@nd the second peak appears on the

right for HATPRO and on the left for MP3000A. These results are consistent with the scattering patterns shown in Fig. 3.

After the bias correction is applied, both the bias and STD are reduced, andBh#isBibution becomes more sharply

concentrated around zeraccompanied by an increase in kurtosis. For exampdbaimel 1 of MP3000A, the bias and STD

decrease from 1.24 K and 3.38 K to 0.03 K and 1.44 K, respectively, while the kurtosis increases markedly from 1.53 to 9.44.

It is also noteworthy that therbbdal distributions in th& -bandfor both instruments become unimodal after the correction.

Meanwhile, the skewness decreases from 1.04 and 1.54 to 0.55 and 1.05, respectively, indicating a more symBetrical O

distribution. These results demonstrate thatproposed bias correction scheme effectively reduces bias and STD, addresses

bimodal distribution, and shifts the-8 distribution closer to a Gaussian shape.
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Figure6:Pr obabi l ity density funct i gbaseddnR f2sf sefrandomly selected M BO%doftlset r i but

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 theband and V-band. Each panel displays the
number of samples (num), the mean (bias), standard deviation (STD), skewness, and kurtosis of the distributions.

Figure67i | | ustrates the bias and STD of t hG- BbasdBofirHATR@h HA
ranged from 0 to 2 K, with the bias in théband<-band(particularly channels 4 to 7) being smaller than that in/thend/ -

band After bias correction, the bias for e thevduestohARRRE | i s
ranged from 2 to 4 K without BC, with channels 4 to 7 exhibiting smaller values compared to other channels. After BC, the
STD of O-B oscill at & applieation ef¢hiBC add sigaificantlyreddced Woth the bias and STD
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ofO-B, with 0.83K(9Z.1%)and 4.63KK4.6%) , respectivel y. Meanwhi |l e, t
display Gaussian characteristics centered around zero, inditatieffective removal of systematic biases.

Diagnosing the contributions of each predictor is crucial. Figar& illustrates the feature importance of several predictors

for HATPRO. The model normalized the feature importance scores so that their sum equals 1. A higher score reflects a stronge
correlation between predictors and O-B biases. Observed
are significant contributors to BC for theband<-band(water vapor channel). For theband/-band(temperature channel),
observe brightness temperature, latitude, and surface pressure are the most influential predictors. The contributions of
atmospheric thickness predictors are smaller compared to the other predictors; however, 8@ (P8 thickness predictor

has a relativel larger contribution among them. This may be bec&dgéRGMWR primarily observes radiation from the

lower atmosphere. Notably, surface pressure plays a critical role in BC for the temperature channels, which may account fo
the positive Iatalateau siatio®FgBla)o bser v e
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Figure76:( a) Bias and (b) st an dlmsedond éestisearandaniy sele§ed Bdm 36% of 104 tBesonth
sample dataet 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 for#heandK -band and \-bandV/-
band, respectively.
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4 Direct assimilation of MWR-GMWR radiance observations
4.1 Assimilation impacts on initial condition

The performance dffA/RGMWR assimilation in the observation space was evaluated. Figgiummarizes the bias and
STD of the O-B (O0-A)

of O-A was reduced c o mpaVimdd-tland Seeeifigally, forachabnel A udfVeRGMWR LH  t
(lhassimil ati on O-B wMWRGHWR ebservdfions werk asSimilatedythes
simulated brightness temperatures became closer to the observations, resulting in smaller STD. Moreover, as the frequency
MWRGMWRoObr vati on t he ST

mi stat
he

=

and observation nus analysis

interval ),

assimilation increases, bias and

3, t he OMBRGMWR 6H, WAMRGMWR 3H, andMWRGMWR 1H significantly decreased from 1.03 K, 0.92
K, and 0.56 K to O-A STDhawdhl we34 oK, O0r 8Sp &gt iOv.e3ldy .K Al t hc
noticeable, the i mprovement of O-B suggests that increa

the MWRGMWRs, producing a higheguality firstguess field forthe final cycle. The assimilation ¢#PA/RGMWR
observations effectively influences the brightness temperatures, demonstrating the successful prosB&$H@\IFVR data
by the 3DVAR system.

_O A AN
——0-B (GMWR_3H) — O-A (GMWR_3H) AN
——Io B(GMV:IR 1H) TO A(GI\GIWR 1H) | | N
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Figure 87: Verification of the initial condltlons agalnstMWR—GMWR observatlons based onthe ten-day assimilation exp&iment
conductedf r oln8 t o 22 ® .~(a) Bias and (b) standard

deviation (STD) of the observatlon backgronaMV\iRlB) a
assimilation in the target region of Southwest China (blue box ifrig. 1).

mi nus
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The above evaluation demonstrates the sgfgkesnplementation of the newly introducé®RGMWR radiance direct
assimilation in WRFDA. However, compared to brightness temperature simulations, greater attention should be given to the
model state variables in the initial field, as they directly infee subsequent model forecasts. To this end, radiosonde
observations in the target region of Southwest China were used to evaluate the ilp&&@MWR assimilation. The roet
meansquare error (RMSE) was calculated, and the RMSE differences between Gill6thar assimilation experiments are
shown inFig. 89.

Results indicate that assimilatibgA/RGMWR radiances enhances ldevel temperature and humidity fields, with higher
assimilation frequencies offering the potential for additional improvemeMeRGMWR 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. Specificallyerdge RMSE
improvements below 1 km are 3.8, 5.28%, and 6.326 for MM¥RGMWR_6H, MWRGMWR_3H, andMWRGMWR_1H,
respectively. This indicates that increasing assimilation frequency enhances observational impacts and further improves th
initial field. The improvementphenomenorbecomes more pronounced with decreasing altitude, with 100 m RMSE
improvements of 0.10 K (6.2%), 0.13 K (7.90%), and 0.19 K (11.3%6) in MA/RGMWR_6H, MARGMWR_3H, and
MWRGMWR_1H, respectively. For the water vapor mixing ratio (QVABOMWRGMWR assimilation demonstrates a
positive impact that extends into the middle atmosphere, with average RMSE improvements below 5 kifip228%,

and 1.98% for MWRGMWR_6H, MWRGMWR_3H, andMWRGMWR_1H, respectively. The impact éfARGMWR
assimilation and the effect of assimilation frequency become more pronounced in the lower atmosphere, with average RMSE
improvements below 300 m of 306 for MWRGMWR_1H, compared to 231% for MARGMWR_6H and 2.8 % for
MWRGMWR_3H.

It is noted that the MWR 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 fieldused by GMWR assimilation may be attributed to two faktsrsioted-that théMAWR

(%) When assimilating observed brightness temperature, the
adjoint model of the observation operator directly adjusts temperatditeuanidity to optimize the simulation, while changes

in the wind field are indirectly driven by these adjustments through the background error covariahdé/RGMWR
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 and isotropic, which does nc

fully align with evolving weather conditions, potentially resulting in ineffective wind field improvements.
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Figure 98: Verification of the initial condltlon S agalnst radlosonde observatlonsbased on the terday assimilation experiment
conductedf r dl@ _t o 22 Brge g —-Root mean square error (RMSE)
for—of (a) temperature, (b) water vapor m|X|ng ratlo (QVAPOR) (c) zonal Wlnd and (d) meridional windin_the target region of
Southwest China (blue box in Figl).-

Based on the evaluation against radiosonde observations, the assimilatidfReMWR data improves the initial fields of
temperature and humidity, aligning them more closely with observations, particularly in tmeatovesphere. Additionally,

the initial fields are validated agairstrfacestation observations, including measurements of 2m temperature, 2m humidity,
and 10m wind Fig. 910).

The RMSE differences indicate tHdtA/RGMWR assimilation effectively enhances the 2m temperature and humidity fields.

Under 6hourly MAMRGMWR assimilation, the temperature RMSE generally increased on the southern side of the basin,
whereas other regions showed a positive effect with reduced RM8&svalloreover, the temperature RMSE reduction in
these positively affected areas further improved as the assimilation frequency increased, with overall differencermanging fr
-0.008 %) (t-@®@.30. ON. For Kumidity, MMRIGMWR assimilation show a negative impact on relative
humidity (RH) at a & assimilation frequency. However, the RMSE over the plateau decreases as the assimilation frequency
increases, with the RMSE difference shifting from positive to negative. WHEBGMWR_1H experimentthe RH RMSE

is reduced by 0.276 (1%).

Unlike the temperature and humidity RMSEs, the improvement in the wind field RMSE does not exhibit a distinct spatial
pattern. Compared to the CNTL experimemt 4088 ,6K RMBEDAf f
(- 1%)0 andn 40— BLBMWRGMWR 6H,MWRGMWR_3H, andWARGMWR_1H, respectively. Similarly,

the RMSE differences f or ¥med)5di ema¥) + ®b)id d aanrden —500-. GA)IBS
MWRGMWR_6H,MWRGMWR 3H, andMWRGMWR 1H, respectivelyWhile the changes in wind RMSE are relatively
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small, the results indicate that assimilatiMg/RGMWR data improves the initial field, with higher assimilation frequencies

offering potential for further enhancemt.
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425 Figure 109: Verification of the initial condltlon sagalnstsurfacestatlon observatlons based on the terday assimilation experiment
conductedf r oln8 t o 22 he 0-& —1). The percentage in RMSE
differences (scatter)fer-of temperature (T), relatlve humldlty (RH) zonal W|nd (U) and merldlonal Wlnd (V)in the target region of
Southwest China (blue box in Fig1). The grey solid linerepresentss the topography height (m).

4.2 Assimilation impacts on forecast field

430 After presenting the improvements in the initial condition, this section invegtigeempact ofMWRGMWR assimilation

on the 24h forecasts. The time series of RM&E the CNTL experimentand RMSEdifferences (assimilation experiments

minus the CNTL experiment) agairsirfacestation observations f& mtemperature2 mrelative humidity, and0 mwind
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fields are shown ifrig. 2011. In the CNTL experiment, the RMSE of temperatand 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 then
decreasing. The mean RMSEs overtheh2dur f or ecast per i oe 16a26% for2elaBv@ hukiditf, o r t
1.92 m s 1 for zonal wi nd , Regardihg dssinfil@&ionnmpactEértefmmeraturethe-the d i o n
negativeRMSE reductiondifferencefor temperaturgraduallydecreasesecreasesapproaching zero atlead time of 6 hours,

with higher assimilation frequencif/RGMWR_1H) achieving a greater RMSE reduction. Similar results are observed for
relative humidity, where the RMSEeductiondifferencealsodecreasesereasesand approaches zero at a lead time of 12
hours. MWRGMWR_1H consistently demonstrates the largest RMSE reduction for relative hurhidityever, it should be

noted that the direct assimilation of GMWR data caused a negéfdadmpacton relative humidityat a lead time of 12 hours.
The degradation of wind fields (Fi g. 9) &For dhe winddieldpnmod e |

increase in the RMSE difference with lead time was observed, as previously described. However, the fiRké&BEedi

between the assimilation experiments and the CNTL experiment remain overall negative, indicattMgvBaMWR
assimilation improves wind forecasts. AdditionaM*RGMWR_1H demonstrates the largest RMSE reduction in meridional
wind, suggesting #t increasing the frequency &#fARGMWR assimilation may lead to further improvements. The
guantitative statistics are presented in Table 3. The temperature RMSE differences bati@8MWR_6H and CNTL are
-0.012,-0.005, and-0.004 K for lead time of-46 hours, +12 hours, and-224 hours, respectively. This gradual decrease in
RMSE difference with increasing forecast time is also observed in other experiments and variables, indicating a weakening
of the positive impact oA /RGMWR assimilation as the forast period extendsikely-due-to-a-graduakincrease-in-model
error. When the impact ¢l WRGMWR assimilation is most pronounced (at a lead time-6fHours), the temperature RMSE
differences range from0.012 K inMWRGMWR_6H t0o-0.019 K inMWRGMWR_3H, and-0.030 K inMMWRGMWR_1H.

The temperature RMSE reduction increases with the frequeMWetGMWR assimilation, a trend also observed in relative
humidity and wind, suggesting that increasing the assimilation frequency can further inipeaieortterm forecasts.
Although these differences are small, the results reflect the potential for improved model forecasts\rithiVIWR

assimilation.
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Figure 1110: Verification of the forecast againstsurface station observations based on the terday assimilation experiment

conductedf r dl.i

t o

2 2 ORMSE thladk lin@) 2ttee CNTL experiment and RMSE differences (colored lines) between

the a55|mllat|on experlments and the CNTL experlment for (a) temperature (b) relatlvbumldlty (c) zonal wmd and (d) meridional

Table3 RMSE difference againsurfacestation observations.

EXP Lead TemperatureRelative Zonal Meridional
time  (K) Humidity  wind wind
(hour) (%) m-% (m~$
MWRGM 1-6 -0.012-0.011-0.0(-0.005
WR 6H 1-12 -0.005-0.027-0.0(-0.006
minus
CNTL 1-24 -0. 00 40.046 -0.0(-0.003
MWRGM 1-6 -0.019-0.042-0.0(-0.00686
WR3H 1-12 -0.001 -0.036-0.0(-0.007
minus
CNTL 124 -0. 00 30.072 -0.0(-0.003
MWRGM 1-6 -0.003 -0.153-0.0(-0.013
WR1H 112 -0.012-0.087-0.0(-0.013
minus
CNTL 124 -0. 00 50.065 -0.0(-0.0009

Verification againssurfacestation observations indicatéhat assimilatingdWRGMWR radiancesmproves neasurface

forecasts, with higher assimilation frequencies offering potential for further enhancement. To further examine the impact of

MWRGMWR assimilationFig. ££12 presents the forecast verification against radiosonde measurebelite the RMSE
differences for the initial conditior-{g. 89), the MWRGMWR assimilation did not reduce the RMSE for lower atmospheric

temperature and water vapor mixing ratio, indicating a neutral impadidRGMWR assimilation on forecasts. Similarly,

the windfield verification results did not show significant improvements WiWRGMWR assimilation. While the RMSE

of zonal wind was reduced in tlA*RGMWR_1H experiment, the RMSE differences for the wind field in other experiments

were close to or greater thaara, suggesting a neutral to slightly negative impad#éfRGMWR assimilation on wind
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forecasting. According to the verifications against radiosonde Limited improvementsare-were found in the forecasts

throughMWRGMWR assimilation.The limited improvement shown in this figuoeuld be related tthe relatively long

forecast lead times (12 and 24 hours), during which model errors tend to accumulate and weaken the benefits of improve

initial conditions from GMWR assimilation. Verifitian against surface station observations indicates that the improvements

were primarily confined to the first few hours, particularly for temperature and humidity. After 12 hours, the impaatl decline

noticeably, with some cases even exhibiting negatifecesf(Fig. 11).Fhis-may-be-attributed-to-increased-model-error with

onaerlead-time red na-tha affa Jana of in ondition-improvementd kiR m on- hould bhe noted-that
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Figure 1211: Same asFig. 89, but for forecast at lead time of 12 and 24 hours.

To further explore the role dWRGMWR assimilation in precipitation forecasting, the fractions skill score (FSS)hof 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., 20Hyure12 13 presents the time seriesfe$S forthe CNTL
experimentindFSSdifferenceqassimilation experiments minus the CNéxperimenthetween-the-assimilation-experiments
andthe CNTLexperimenTt he assi mil ation experiments were conducted
of elkeyarobservations. Cloud cover ancedapr epceirpgiotdat iroens uwetrie

of frequent heavy rainfall e v ent s mapQbencsi epgi ut eant tilhaixe CNThhree sFhS

experiment, the FSS forBaccumulated precipitation shows an initial decline followed by aespent increase with lead

time, with relatively low FSS values observed around theflrecast periodvioreover, the FSS generally decreases as the
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precipitation threshold increasdhetime mearFSS values are 47, 045, 042, and 039 for thresholds 08 m #mm,5mm,

and6 mm, r e s Regarding thee rbley of GMWR assimilation in _precipitation forecasting, the results indicate that

assimilating GMWR radiances enhances precipitation forecasts, with FSS differences_increasingiyelygetshigher

precipitation thresholdsFhere

505 itiesAdditionally, increasing assimilatiofiequengies
shows the potential to further enhance forecast performavicen assimilating®RGMWR data at a h frequency, the
time-averaged FSS improvements fohaccumulated precipitation ared@.02 (2£03.2-9 %) for the 6—n8m m threshold,
0.0802 (234.5-7 %) for —+ndm m threshold, Gt1-03 (407.8-3 %) for 12— mm threshold, and @104 (5810.1-2 %) for
15— nmm threshold precipitation. For B accumulated precipitation with a thresholdieb—6n mm,ithe timeaveraged

510 FSS improvements are@@01, 00602, and 0:1-03 for MARGMWR 6H, MAYRGMWR 3H, and MWRGMWR 1H,
respectively. These findings are consistent with the above verification against radiosorsdef@restation observations,
suggesting that M WRGMWR assimilation can improve forecasts atmatt higheffrequency assimilation leads to further

enhancements.
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Figure 1312 The time series offractions—skill-seoreFSS (black line) for CNTL experiment and FSSdifferences (colored lines)

between the assimilationexperiments and the CNTL experimenfassimilation-experiments—minus-the-CNTL-experiment) These
experiments wereconductedf r oln3 t o 2 2 Olhe S8 was caltWaged for & accumulated precipitation for thresholds

of (a) 63 mm, (b) 94 mm, (c) 25 mm, and (d) 156 mm.
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5 Conclusions and Discussion

To investigate the impact of directly assimilatiiy¥RGMWRs in Southwest ChindMWRGMWR assimilation modulés

has beeibuilt in WRFDA-4.5, where RTTOMWb is used aghe observation operator. Based on tmadule, threenont h O- B
statistic sample was cal cul at eeda BCanodelyFRuttheradree ddaysassimilatiora s f o
experiments (Table 2)ere conductedusing thisMWRGMWR assimilation module and BC modete-conductedto
investigate the impact aghedirect assimilatioMWRGMWR and the effects of assimilation frequency. The main findings

are as follows:

1. Based on three months of hourly sampl es, noticeabl e
geograpical locations. The machine learnibgsed bias correction scheme, employimg& model, effectively reduced these
systematic biases. After applying this BC model, both t
the bias and STD decreased83K (97.1%) and 1.63 K§4.6%), respectively. The correct€&l- B di st ri buti on
Gaussian characteristics centered around zero, indicating the successful mitigation of systematic biases.
2.AssimilatingMWRGMWR enhances the accuracy of initial atmospheric conditions, with higher assimilation frequencies
ampifying 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.®%/32 %, with
improvements below 100 m AGL rangifrom 6.25% to 11.34% for 6h, 3 h, and 1h assimilation frequencies, respectively.

For the water vapor mixing ratio, positive impacts extend up to 5 km AGL, with average RMSE improvements ranging from
1.98% to 2.30%. Verification againssurfacestaton observations further supports these findings, indicating that the RMSE
for 2 m temperature decreases by up to%4, while the RMSE for 2 m relative humidity decreases by up t84lad the 1h
assimilation frequency.

3. The assimilation dfARGMWR observations leads to improvements in forecasts, and increasing assimilation frequencies
has potential to get further improvement. In the first 6 hours of the forecast, the temperature RMSE decrease by 912 K, 0.0
K, and 0.030 K with &h, 3 h and 1h MARGMWR assimilation frequency, respectively. Similar trends are observed for
relative humidity, the experiment with L MA/RGMWR assimilation frequency showing the largest decrease in RMSE.
MWRGMWR assimilation also improves precipitation forecasts, with further enhancements seen as assimilation frequency
increases. For h MWRGMWR assimilation, timeaveraged FSS improvements reach4@2 for both the 6-3 mm and
4Amnthresheld 00803 for 95 mm, am 01104 for bethd2-mm-and-16 mm thresholds.

Inthethreemont h O-B st at i ¥Kibanddandisldrger th@rirthat iri theg-bandy/ dand consistent withhe
findings-ef{Vural et al.(;-2023)and{Cao et al(-2023) This phenomenon may be attributed to fdands sensitivity to

water vapor and thé-bands sensitivity to temperature, with model temperature accuracy being better than that of water vapor.
The O-B bias varies acr os slocatiens,svithia sofablepbsiive biaslolservedatbijtudee o g r @
stations. This positive bias is potentially caused by largde topographical effects on the Tibetan Platebuthis region,

model simulations may contain errors, and RTF@Y coefficimmts may be inapplicabihere—meodel-simulations—may
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introduce—errors,—and-RTTFOYb—coefficients—may—be—inapplicabldhe RTTOVgb coefficiens are based on global

atmospheric profiles, which may differ significantly from the climatic conditions of plategions, potentially affecting

simulation accurac

at region;

eeds

A machine learningpased bias correction scheme using the RF technique was developed, demonstrating strong performance
The number of trees is a critical hyperparameter that must be predetermined. Training timesifinesagewith the number

of trees, while performance gradually plateaus. Thus, a modest number of trees, such as 50, can balance efficienayyand accure
Feature importance analysis for BC predictors revealed observed brightness temperature, atrpoesgipiaible water, and

surface pressure as key factors for correcting biases. The importance of brightness temperatures aligns with findlites in sate
data bias correctiofLiu et al., 2022; Zhang et aR023) Atmospheric preipitable water is essential for thebanreK-band a
humidity-sensitive channel. Surface pressure plays a key role in temperature channels, thereby accounting for the positive bia
observed in plateau regions. Although atmospheric thickness predictoibuieat less overall, the 1,08000 hPa thickness

was relatively significant, likely due tWRGMWRs primarily sensing radiation from the lower atmosphere.

In this study, direcassimilationof assimitatingWRGMWR radiance enhances both the initial conditions and the forecasts,
showing a greatpotential in improving ABL and precipitation simulatiofgowever,it should be noted thahe assimilation

of GMWR data generally has a negative impact on the wind fieldseimitial conditions. The background error covariance

may contribute to this negative impact, as it determines the response of the wind fields to the adjustments in temgerature an

humidity made by RTTOMWb.As an initial study primarily focused on th&ect variational assimilation of GMWR data with

machine learnindpased bias correction, it is admitted that this study has some limitafiba$SMWR assimilation was

implemented using 3DVAR, based on RTT@QYW and WRFDAandonly static backgroundrror covariances wesmployed

in this study. The background error covariance matrix plays an important role in variational data assitnilighientypeof

covariances climatological, spatially homogeneous, and isotropic. Ty limit the impact ofGMWR assimilation, and
flow-dependent error covariances shouldcbasideredn future work.Moreover Hewever—as—a-preliminary-attempt—it is

dmitted-th ha dv h ome-lim ons- -—only 3 ha cHeEYumId coN\s ncas warea ad-in-th dv_The

variances are

pdonly clearsky MWRGMWRs were assimilated in this
study. Since precipitation processes are often accompanied by extensive cloud cover, fshky &lR&RGMWRS were

available. To better explore the potentiaM8#/RGMWR assimilation, experimeniseusedvere conducted durirg periods

with abundant cleasky MAWRGMWRSs (e.q., a terday periodin October 2028 which coincided with minimal heavy

precipitation. Stdies on satellite altky assimilatiomave shown thatincorporatingnctudingcloud and precipitatioraffected
data improves forecasfMa et al., 2022; Xian et al., 2019)ighlighting the need for future research onsily assimilation

of MWRGMWRSs. Under such conditions, assimilation experimartgld be conductediuring a differentor longerperiod
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given that assimilateEMWR observations would be relatively more abunddinis noted that GMWRs exhibit_higher

sensitivity and provide more valuable observations of the lower troposphere and planetary boundary layer compared tc
satellitebased microwaveadiometeri—i

o the
590 p(Beet al.,
2023)_Building on this study, future research could explore the joint direct assimilation of sdtei#d and grourAdased
microwave radiometers. By leveraging their complementary observational capabilities, this approach has the potential to
further enhance the accuracy of atmospheric analysis and improve forecasting across multiple layers of the atmosphere.
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Figure Al Scatter plot of observed brightness temperature (Tb) versus simulafedHATPRO. Same as Fi§. but for

additionalchannels.
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Figure A2 Scatter plot of observed brightness temperature (Tb) versus simulatedMB3000A. Same as Fig.but for

600 additionalchannels.
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Appendix B: PDF distributions of Oi B
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