ETERI T EMEENASIRE
ERZk Sounding Transformer R&E A

RLEL 0, BT, ZHED, NS, HEARTC, AR

H(FERZEREAE JE3 100049)

P EMNFRER=EREHL JER 100190)

i E RSREBEAEHEXSTMRANZERELENNFBSE . REGRBFENLME
El3F BP MAMLZ AT, ABERNZEREREHIEL MR, EEXNBEEXBERER
B AR Sounding Transformer RIETT%, MABEZEREAVFZIREEBEXER, &
FiLEBRUER G 2020-2025 FR=HER, H MonoRTM IEEREMELES, LIEE
B&RE, BT 54 MET. BP #EMEXTLL, HFARBESRMIE. BMIE. =8
KGR MR FY-3EVASS =@t xiich, £RKRA: (1) REBEEZLTE&MHEA
5 BP 2N, BES5EE RMSE 93 22.4%. 25.7%5 3.47%. 2.07%; (2) IIANE
ZRERABRARE 3) NEAHRRD. TREKESMRASKBEGHDEHEIFT,
(4) KIFBRIEASKER, VIERESROXREARZEW, AMRARSHERES TR
EEAKERBERET AEXE,
XK##1a Transformer, JRIEERZ/E, MonoRTM, BEENMS|, HERUK
RS
FESES
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Abstract  Atmospheric temperature and humidity profiles are key parameters for
numerical weather prediction, space environment monitoring, and climate research.
Ground-based microwave radiometers can provide continuous, all-weather
observations of the troposphere, but their retrieval accuracy is fundamentally limited
by the inversion algorithms employed. Existing retrieval methods are dominated by
linear regression and backpropagation BP neural networks: linear regression
struggles to characterize the strongly nonlinear features of radiative transfer in the
microwave band, while BP neural networks inadequately express inter-channel
correlations, since the brightness temperature channels of a radiometer are physically
coupled through shared atmospheric absorption processes and thus exhibit
significant redundancy and dependence. To address these limitations, this paper
proposes a Sounding Transformer retrieval method that leverages the self-attention
mechanism to learn coupling relationships among channels, capturing both global
dependencies and nonlinear mappings from multi-channel brightness temperatures
to atmospheric profiles. Based on radiosonde data from Beijing Nanjiao Observatory
from 2020 to 2025, a simulated brightness temperature dataset is constructed using
MonoRTM forward simulation, covering clear-sky and cloudy conditions.
Temperature and humidity profiles are retrieved by incorporating auxiliary features
such as time-period encoding, precipitable water vapor, and liquid water path. A
comprehensive validation framework is established, including comparison with
linear regression and BP neural networks, noise sensitivity experiments, ablation
experiments, cloud liquid water sensitivity analysis, and validation against FY-3E
VASS products. The results show that: (1) the retrieval accuracy is significantly
superior to both baseline methods, with temperature and humidity RMSE improved
by 22.4% and 25.7% relative to linear regression, and by 3.47% and 2.07% relative
to BP neural networks; (2) the advantage remains stable after adding systematic noise,
demonstrating robustness to radiometric calibration errors; (3) ablation results
confirm that time-period encoding, precipitable water vapor, and liquid water path
are all necessary auxiliary features; (4) K-band brightness temperatures are highly
sensitive to liquid water content, while V-band oxygen absorption core channels are
basically unaffected, providing physical interpretability of the attention weights; and
(5) in comparison with FY-3E VASS satellite products, the temperature RMSE is
1.529 °C and absolute humidity RMSE is 0.359 g/m3, with the most prominent
difference in the near-surface layer, mainly attributable to satellite footprint
averaging and surface emission effects. This study provides methodological support
for improving the retrieval accuracy of temperature and humidity profiles from
ground-based radiometers, and the proposed framework is extensible to other
radiometric platforms and geographic stations.

Key words Transformer, temperature and humidity profile retrieval, MonoRTM,

self-attention mechanism, ground-based microwave radiometer
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RKEEBEMKEFEERITEASHNRES., KERAXIIDAEREWEETNEEYIEE,
HEHERXEWIR. BRI EN. SEECHRMUEEEER T RRITTYEEEEEH
FRIKRKRIEI AR, . ENRSEBRUBERSHIRTEHZE AR, BN R 57 5R
&, BE REEEENZIEN, EURELAE R T ILEELSL A 5 XS89 8%
RERNT RERKKIEIR. . A, KRTESHRRNAVRIEBENEERRIETTE,
ERABABKSEENENHNEERE,

NEXRRREREREFZFTEBFYERE. SotEAFMYB/EI T X WEREE
FREEFZHAE, VENIEEW, EEIRESEELN, TEERK, EXFNIVEN
AR ZEIRS . FITEIEFEBIRYRBRER[SHZENEEXALNRESE, 1TE
NES. KUELE, ENEFEHIRTPHNERELEFTZBAE, EAREBEMNERX
[SEGTREAR. BENRFITHENAR, REEEHREMNKERIKRIGIAER. (Back
Propagation Neural Network, BPNN) F1#:F3## £ [ £& (Convolutional Neural Network, CNN)
E# 2 AT RUE RSB A RBSR R #EE AR, HbEREM T AER HERH SR
HESI AR, #RIKKESIAE. . R, BP A CNN ML EIEE IR A X RANERLELE
;j}—\,;éﬁ% E/\] %ixai‘éﬁ!i?ﬁﬂglmﬂﬁa HIRIKIREEI AR 3

Transformer BF BiERE NV HI#iR R #%25 AR., EBREMNTINBELEBWPK
R, ETEFITZBEZBGFEEXMNIELEBESXER, Transformer TR ABZERIVLH
FIREEEEER, #HMREREBERBEREE. BRI Transformer T EHmEBAIES
LIRS EUT Y AR SRR KB AR, HAARE. NERLDHALEMAEEREERT
ELYIE SR ERL O A E S iRk K25 R, ERAKICIAE., FUFELESHERK
RTINS R TEE.

3t _ B [al, ASCF A Transformer BYB/ER #LH, H2 i —Fh Sounding Transformer
FIETE. UHPERZRERZERZFOHIR 46 BIE KV XOE R ERESIT AUER
B BT ERMER & 2020—2025 FIFEZHFEL, A MonoRTM (Monochromatic Radiative
Transfer Model) fRE HIER IE/RMBERINRREIRESE. K 6 BERRUAREMEEX
AN, BEEREEESRS. JEKEMESKBRFHEE, FAZLEFRNIN
HFES KNV ERBEERERR, LW BEEESHENEREFRELNBEERE. BS54
B3, BP MAMEILL, HARBRENRERESZMIR. ¥ RIEMIE. ZRESKEE
BURM 4T K FY-3E VASS (Vertical Atmospheric Sounding System);j= ShEE WG SLWE, 54
T HRE M, BEENRSHERMTWREREZRERE, H#HimRAEXSTRET T
5= EIMET BN iR\ AL E.

1. EF MonoRTM MIAKIEIRERZIESR

1.1 HhEEFIHUEEERE
U EE A ERF I ER S ERF A 2026 FHHET SDR I =R KV UK
B ELEST, THET KRR (21.3-31.7GHz, /KRi@E) F VKR (50.8-61.2GHz, &S
BE), TEFABRLCETE L
%=1 ET SDR M K/V UK B R BRI R AR ISR

Table 1 Technical Specifications of SDR-Based K/V Dual-Band Dicke Radiometer

S8 AR
R K: 21.3~31.7GHz; V: 50.8~61.2 GHz
BIiEE K: 23; V: 23



HE 288 MHz (1~4 i&i,19~23 i&i&); 400 MHz (5~18 &)

REGREM <1.0K/fE

SRMNESEE 0-400 K
REE K: 0.15K; V: 021K
R4 R 18] Is

IE B — B <1K
KRB 25dBi
REIDKEL 1.25
RITTR LRk
BRRBEE 5-7°
BRI 70.2°C

KIEERA VKRB BCE 23 /MBI, 3£ 46 MBIE. K KR 23 MBIE M FOMRMRR A
21.46, 21.82, 22.18, 2254, 23.00, 23.50. 24.00. 24.50. 25.00. 25.50. 26.00. 26.50.
27.00. 27.50. 28.00. 28.50. 29.00. 29.50. 30.00. 30.46. 30.82. 31.18. 31.54GHz; VK&
E% 23 MBI M O SERARCR 1 50.96. 51.32. 51.68. 52.04. 52.50. 53.00. 53.50. 54.00.
54.50, 55.00. 55.50. 56.00. 56.50, 57.00. 57.50. 58.00. 58.50. 59.00. 59.50. 59.96.
60.32. 60.68. 61.04GHz.

1.2 BUERIER AR

IEREPME E (HFERKRELR (World Meteorological Organization, WMO) 52 54511,
39.93°N, 116.28°E, ¥k 32 m) A FLEILFJRIEED, #MAHHT TEESRX ML ET, B
EIRIREIN M (Global Climate Observing System Upper-Air Network, GUAN) 10 52,
Ei&':lt,—?THﬂEﬂ 08 BY#N 20 B REAMIRZE SER, MNEBEZCHFESE. BE. HNEE. NEX
ERNEESEE RERTSABVZVSRERSE BTRFEHEESER)I%,

ZM%??:QFH 54511 34 2020 £ 1 B ZE 2025 £ 12 AMREHRF RIS E AL RS
ITTRELE ., 2RERETE, G 7B MEIHER, SEMHEAREE H1YE (2020-2025
F5r 54 651, 628, 610, 601, 605. 618 #}) . RSFKEMKIE Open-Meteo API iRk 2
SIFE. IRMEEY ERAS BOMERL 5% WMO XRRBMEER ARG E. HTHE, Hb
BERIFA 3430 4™ (92.4%), =R/BEKFEAR 283 /> (7.6%) o HEATE 8:2 XD AN ESMML
MR EE, HAIZEEAR 2970 4, MAREAR 743 A, HAREED. =P, RO XSE&H L
B mILE 1.



Overview of sample distribution in the dataset (total3713 samples)
Year distribution Season distribution

2020 2025 Winter
(Dec-Feb)

651 618
(175%) (16.6%) (M ) 155%)

1030
27.7%)

605
2024
02 adoy (163%)

878
(@36%) g ytumn
(Sep-Nov)
610 oL 1067
(16.4%) 16.2%) (28.7%)

2022 2023

Summer
(Jun-Aug)
Time distribution ‘Weather distribution
Precipitation/Cloudy

283
(7.6%)

1839 1874
Hour 49,50 (S0s%)  20Hour
3430
(92.4%)

Clear

H 1 MRERAEER. 35, BEANKSLD O
Fig.1 Dataset sample distribution across year, season, time, and weather type

B REBEANEERAFEEZER, AXEESG—HEZE 93 BFiEsEME. 1ZMig
BEIAMEZE 10-12 km §F, 2IHERFZHESH: 0-500m A 10-30m, 500-2000m A 40-
90m, 2000-12000m >4 100-300m, FE{ERT, 0-500m & ER B = XFE£& 7%, 500m Y
FHEEXRATERENMTE MRERBAREREEN, AXH—FPARMNAERHETE
BiF RESE. 5E. BRE. EREBEMEMEESLEER, FKGNE. EEEMPB
EE’!— E, #%*’ﬁ?ﬁ(%éﬁx >4 Fﬂﬂij(:}K/mUﬂ}#TﬁE:F 10km, ')'LEE):E,J/M/EF—Q&—JL
—{R7F 4 NetCDF4 #&=, 1E-&4 MonoRTM IE@?D#%%:IH%?@)\O
1.3 MonoRTM #E5HEMIIRE KBS =R

MonoRTM HEEKENEMRE (Atmospheric and Environmental Research, AER) FF

%, HTFRESHFTERE HITRAN HIEERRARIE AR, BREKIENMNERE. &
EMEREEF. KRESLRIR A MT_CKD 1 A#R Ik #3I5| AK., MonoRTM ER%ET
5. 8 M4k RENEFSENENMES BMTERN . RSKRIEET Liebe /B4R
BT E R IR #BIS FR. . MonoRTM AR FiESHE MR, AL case3 (/R
HRSERLL) FcaseS (BFMIEIN), DUERAEZH azﬂﬁ*i—u%a

IEER], R\HEXRTVRAEFELA > ABENEZWE, BRI MonoRTM B
AN 93 ERSURIEERZ, 1REX TAPE3 il%ﬂﬁﬁ%wﬁa%f‘%éi %ﬁ ITEBE KSARIR
RYENZEEE, TEEERSKER., 8xBZAXARLITE: %—%ﬁuﬁ**ﬁaﬁiﬁ
MonoRTM F##i S ZBERE XM, EZLHRTENEEBREFBAR (1) IHWERS
22 (Liquid Water Content, LWC), I H, RHAMEXZE, #Hifl& LWC Eﬁzﬁfﬁjﬂau)\i;ﬁ?
BT R EMFTH MonoRTM 1IEE, BEE=HRMENEE.

0 if RH < 85%
2.0 x (RH — 85) ,
LWC(p) = o g/m3 if85% < RH < 95% (1)
2.0g/m3 if RH > 95%
EEE, SHARBE 46 MIRBEIRINSE. TJE/KE (Precipitable Water Vapor,

PWV)., KREFEITEK, ,{ﬁ,@JKEﬁfI (Liquid Water Path, LWP) E#IB&&,
MIERERPIZE 46 = BRE, 5 6 A IHEMRIREGAN. HWIIFTEaEE
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FREFBIE (dsin. deos) « UTC FZIERARED (hsin. hcos)  PWV HILWP, HA, dg, =
sin(2m - d/365.25) . d.os = cos(2m - d/365.25)  hgi, = sin(2m - h/24) heos = cos(2m - h/24),
d AFIRHE, h A UTC %, BEHH A 93 RREMENEE, HAUBEHRMAC, B
BEBAAg/m?,
14 RIERMMEE AL

BRTEFEWME, BREAREDEFINREBEAEEUREE. TRRERN
MBI FIRERR. AFEEERASSRUNEG, BNREENEFEINMRELGT
MIREMSZUEN, AXERBERAWSIASIEVIRE., XNE—HFAHN 46 MBERE
DRIIINZER 0. FREZEN o WSHRE, RBIaX (2),

Tj°¢ =Ty +¢, &~ N(0,6%) (2)

R, T, AR XERBEMNEARR, Ty AR EHEl=E.

2. EF Transformer 2R8I X SRR B fE

METXCATA, HEMEEFITTSBEREFEMIIN, BiEEFEEXEREE M,
AR ZBERBEAREYES XAFS AN, FIA Transformer BER N6 SR
BEENBEXR, KM 93 RRTEZL.

AT X ARAE Transformer 153 1T20E, WERMAE  JmA0ss i L F4H LAY Sounding
Transformer 25! K Er BT 54 B A9 Decoder, {REZRi%as F A Z L BF R 1 (Multi-Head
Self-Attention, MHSA) FIFJIEM % (Feed-Forward Network, FEN) F2, Fi&BMAEE
LIRSk, BT EHAIMES ISR SREIREFRIEEI%,

2.1 1EAIZEHY
Sounding Transformer #2EIZEAG4NE] 2 Fir. & 46 N=38 token 1 1 PEEBIES 2 token

(6 fHBFEmE) PHEMKEA 47 aAFS., Ef, SBERERLFBELMRT
B&h; =WT, +b; (i =1,..,46), I, W; € R¥moaet_ b; € R¥moael 43 51| Sk 55 i 178318 IR BN
ERESRENE. HMEELEAMEFEE hauw = WanXax + baux, T, Xqux € R
M E IS EE, W,y € Rimodex6 b € Rimodel /3 Bl 3t AN E4EME SRE R E.
RABEBANFTIH® = [hy, .., hye hgyy]T € RY7¥dmodet K ehhy, ..., hye B R BEFREZT
BANERFHEEE, dnoge=04 AEEHRAELE, XFEIHEREERNZIBERXRESK
SERNR. = token RAZFBEL MR, MWRBARMEBENIRIYIES X, HE
=2 token RAFEEEEBE, DUBRESMEMNIELMRIAR . SERBEEEEEH
BERMASEENEAL, XSTTEFESBESENFIEHE hABREE TR NEERR
HT EBRBIEAN.

HENERILT, FERIBEERENBERR, BEXBUEINMNERIDER KK
SIAE. HO « HO + B, HAE,o, € RY7*dmodel g o] S ST B HABIENE . 5E T EZ4RID
tHte, TSI BRI REIGEEBEN X EMNZFEBIE 2 B NYIEXE. WAFIIEE
J3—1L (LayerNorm) FIIFEN|{ks&ig!k#%FI5IME. (Dropout) #hIE, FEARERE.

RIDHH 2 MRILSFTFEEE M. § 10 REREF983E MHSA f FFN B/ NFARH,
¥R A Pre-Norm iRk 435 R, 5 ZEE, MRSIGIREM . MHSA f(ERNNEIA: %
EMAX € R (n AFFIKE, d WFIE4ERE), BiTE M TR ERZEE (Query) . # (Key)

FE (Value) 46PE: Q=XW?, K =XWK, V=XxwWY, Hhw? WK wYhEiNEEnk

IR, B AESED A b N FREFTIHTEZ LIRS, h AERNLEE, 3R
itEEREAR (3) FR (4) Frow, WO AEHIRFAERE.
MultiHead(X) = Concat(head,, ..., head, )W? 3)

6



head; = Attention(XWS2, XWX, XWY),i = 1,...,h (4)
RORBEHRNGEA 64, TRKEN 4. FEEERNEXTMREFZBEHR KIRBKR
R, VIEBRESRBINR BN AR . MHSA T/Ri81T Pre-Norm 5 Z %

H =ul-1 4 Dropout (MultiHead (LayerNorm (H(l_l)))) (5)

FFN 334> Token R 7 fE NP EIEL ML FFN(x) = GELUXW, + b )W, +b,, Hrx
K EA token BY4EE[EE, W, € R4moderXdss W, € R4 r*dmodel b, € RYf, b, € R¥modet
dp = 4dmogero FEFRERA GELU: GELU(x) = x - d(x) = x -%[1+erf(%)], NE=EEE
BN =58 BR IR MRS RILBE S . FAN F2EHRER A Pre-Norm B Z£iEH, KZ2ER
b, HEESREXKESNSEFIIRT.
s L AYEM S MLP (R4, BEIEERaNEELERERE, 1k (6) (7)
Ffrome
fr1ac = MeanPool(HW)) € R47*@moder (6)
f = MLP,00;(fr1q¢ ) € RZ*%model (7)
AR BB IR fa Sk BTN 93 RIRES 93 RAXNEE, Wk (8) MK (9) Ar
o mETNLBERE: Wr €R128X128 b eR1PBHE—ZSE, Wr,eR28¥128 b, eR1?8
AEZERSE, RETUNKEMER, SEICAW,1. bye Wl bpae
T = Wy, - GELU(Wyp4f + byy) + byy € R (8)
Pw = Wy, - GELU(W,;f+ b, ) +b,, € R (9)
mEMEINEE N X HZR—RGes, UFAZEFRETRIAIRESHNYIERR, X
IR Sk BIARRD, B W MESER LT RE LTI,



Main features Auxiliary features

[ Fr:laql ][ Frtlaq2 ] [ Fre|q45 ][ Frelq46 ] | ::'::ﬁn I[ Pvlvv ][ Lvlvp ]
]

| MLP | MLP
[ 46 X embedding dimension ] [ 1X embedding dimension ]

| concatenation I

I 47X embedding dimension ]

!

| First Transformer Encoder layer l

| Second Transformer Encoder layer |

Residual connection

I Mean pooling layer I

concatenation

]
I Feature-sharing MLP J

[ 93-level temperature outputj [ 93-level humidity Uutput]

2 Sounding Transformer 47 3 4424
Fig.2 Overall architecture of the Sounding Transformer model
2.2 KR
AR AL E19751%% (Mean Squared Error, MSE) iRtk #3215 B, {EAMKR
5, FRHEHIZ%.

N L

i=1 =1 i=11l=
H, NA#AE, LASEERR A5L,9508E ‘5%5@7‘5?6’]?519&#2% NG
ENEMNERERRZ: RELERERZE5EEREZNKSERFEEZR, SNELEZFSEXE
—TIKI—MMJQTI‘? BISE B 5, L E T E TSR B TR,

NZRBT, SNBSS B FR T 2R FTFRE LSRR KI5 FE. . 2B E R A Xavier
i’*]’j%ﬂ!l’*%%‘*wakﬁzﬁualﬁﬁaﬁ A8 AdamW, #IEAZESIE N 5x10, NERBREA
131072, #LEK/NA 64, YN XA 300, F SRR ARTLIR A RIRER K KI5 A, Dropout
BEZE 4 0.15, BEHFIHREA 1.0, REMI0HA 45 4 epoch #iR1k K315 FE. .

2.3 1=EEN)IZ

3BRT o=05K BELZMET, 77 175 MG RNIREK S FHRIRZE (Root Mean
Square Error, RMSE) . REZ %L (coefficient of determination, R?) B9k, Y&k S5IE
WITFERT 25 A epoch Pk TFE, 58 51,151 BRI AGK RN 3 S RBEE /5 (warm restart)
BEIZHEHE, S RMSE M 3.934°C B&ZE 1.702°C, RZM 0.961 1FFE 0.9926; #XHTE
RMSE M 1.920g/m3f% % 0.854g/m3, RZI 0.8404 I£FZE 0.9684,

L=

8



3-24°C; Z%W?i}#

Training and validation loss

Temperature and absolute humidityRMSE

1.0
S . — s
® Oprimal epach 3.5
10° \
3.04|
g
= 825
-~ =
@ =]
i
3 2.0 )
—
L35
al=0. 1146 Lol ~—_ 0.854 g/m
. a —————— ———
108
25 50 75 100 125 150 175 25 50 75 100 125 150 175
Epoch Epoch
Coefficient of determination R? Learning rate schedule
1. 000
_— — —— —
0.99 -
0.975
I J/—r.‘,--)w_—'-"_’—'-*'*"'*-7 N
0.050] _— Lo%
‘,/ 0.9684 ®
/ s
0.925{/ z \
{ ] \
& =
0. 900 = \
g2 \\
0.875 | \
\ \
0. 850
Temperature R
0. 825 — dessluts hunidlsy B o Optinal epoch
25 50 75 100 125 150 175 25 50 75 100 125 150 175
Epoch Epoch

B 3 IR iRk, BESENEE RMSE, RERE REFIEREN (6=0.5K)

Fig.3 Variation of loss, RMSE, coefficient of determination R? and learning rate during training (¢=0.5K)
B 44517 0=0.5K £ T AR S EE RMSE Bl RNTA. BEFEFR, 0~2km
BEREBSEE, &% RMSEHA 1.07°C; 10km DI ESEERRIRERK, RERMSEEA

N =]

R ZEES E SR,

{EE RMSE % 1.061g/m3,

=Jz RMSE A

X5 SEhENRERENY
0.050g/m?, KIRFEE nERE EES
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Fig.4 Variation of temperature RMSE (left) and absolute humidity RMSE (right) with training epochs at four altitude

levels (6=0.5K)
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£ 256 MRATT. B 186 4 (93 EIRE93 BIEE), MAREM Tanh BERY, SHE
24961 1. REEAESEZ KT ESHRARIAE. NERARHBE. EKKS
Transformer {F35—2, FEXELRA M,
3. #R51Me
3.1 RIRHEXTEE

P ST B TF PyTorch HEZS iR k#2151 FEL STIT, SR AR MEUE R4 . 5 2 M RMSE,
FEHieE3iRZE (Mean Absolute Error, MAE) FIRZ=IFSARATLL T AE F3A7E 0=0.5K £ 4T
MR ERE I -

% 2 FRERRITEMIR R SRR B BB (0=0.5K)

Table 2 Performance comparison of different retrieval methods for temperature and absolute humidity (6=0.5K)

- RE -l BHER 2 o).
ik IBER
RMSE MAE RMSE MAE
B VE! 2.188 1.392 0.9878 1.142 0.688 0.9435
BP 4% 1.759 1.245 0.9921 0.866 0.556 0.9676
Transformer 1.702 1.225 0.9926 0.854 0.556 0.9684

Mk 2 o, MEEEAIFLMRAGENTIBERRKERE NNILE, REGEESIR
5. SI4EIA1ELL, Transformer §9;8 & RMSE F&1K 22.4%, 4312 E RMSE FE1K 25.7%,
5 BP w2 M&4ELL, JBE RMSE 546342 & RMSE 7 5IFE{K 3.47%%0 2.07%,, Transformer
HET BP NEEREREFTHREAEARE. XFERANEBERAEETHENFER
HEMTRE, VERSESEERG Y NG IEMRTE, BEE OV E irith i
RFF HBEE KRG R RAREERL, BT, B EERLEETEZ, 2R
SKEETURBARRAEENZN, K ERERESEERLZBNSITMRAETARTE.
E i, BP #HAZMEEEEIREAIRD B N(ZE, Transformer H53E f946 350 /& KRIZFHIEE )\
FRERE.
3.2 IRFEN B E

AT HITRENREBER, AXFRT ARBREKET =77 A0 REBE L
%, ERWOE S R, 7 0-1.75K RE/KESEE R, Transformer 78R & F14E X 2 B R B
BRIFRM, 1583 Sounding Transformer #H AT RS FEN IR ZE A B RIFHEHEM ., HIRFEK
FAERE 20K KA B, EAEREARIEAK, Transformer Y8 E SR T BP ML
MISE I, BREERS BP MEE TR, 24KE, Transformer Ziir B IR 7S

(AR BERLE ST REBUE KHER R 0.15K, VIKEEH 021K) BT, AXEEER

BIU 6=0.5K A FIH#ITHT.
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Fig.5 Variation of RMSE, MAE and R? for temperature (top row) and absolute humidity (bottom row) among three

methods under different Gaussian noise levels
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Fig.6 Vertical distribution comparison of RMSE and MAE for temperature (top row) and absolute humidity (bottom row)

among three inversion methods
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Fig.7 Vertical distribution of coefficient of determination R? for temperature (left) and absolute humidity (right) among
three methods

3.4 ¥ RIHERLSIE

HREARBE NN ERENSIEN, AXFARY RIBRIE ., MHEBERE
REBNTASMMMEREN BB ENT N, LRERNFR 3 ir.

B TE, RIS R E RMSE [/ 1.702°C $E 2.447°C, 38 & RMSE
B 0.854g/m3*EFE 1.112g/m>, BIREERATEIFHIE/ZIEE RMSE 8% 2.447°C, JE & RMSE
ZE 1.108g/m?, EFrE LUGEBFHEFR, HEFHIZmREAEE, XRPEREDITRE
RIEARERR. X PWV 5 LWP J5i8 & RMSE ¥9FE4 0.90g/m*®, ;2E RMSE A ZE4
1.91°C, XiFA-ENEEMEEENENTTEM. #—P0FRA, LB LWP FiREZ
RMSE %415 A3 K 11.93%, 12FF RMSE B4 K T 5.76%, Z J@ It Wik i FBE BR 2R 1 S i A
ANE] AR TR o

FEEIREE, | FM o6 EHRFERE RMSE 7374 1.922°C 71 1.876°C, ¥&TF
2 BFH 1.702°C, FREAHFIEIENET 2 ZRL[EL TR ERR, BEIEMFART
kEZEZH.

#3 TREMIBER (0=0.5K)

Table 3 Results of extended ablation experiments (6=0.5K)

. BE . EE EE .
5 BE BE BE
MAE/ RMSE/(g/ MAE/(g/
540 RMSE/°PC R? R?
C m?3) m?)
58 1.70 1.225 0.992 0.854 0.556 0.968
g il 2 6 4
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X 2.44 1.563 0.984 1.112 0.632 0.946

R 7 8 4
x 2.44 1.553 0.984 1.108 0.617 0.946
B (B 45 7 8 9
fiE
x 1.91 1.389 0.990 0.902 0.592 0.964
PWV 3 7 8
x 1.90 1.387 0.990 0.897 0.588 0.965
LWP 5 8 2
x 1.92 1.400 0.990 0.909 0.598 0.964
PWV, 9 5 2
LWP
1 1.92 1.400 0.990 0.880 0.574 0.966
= 2 6 5
6 1.87 1.360 0.991 0.895 0.570 0.965
= 6 0 4
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B3 HUHE A O RIEIE SR ZE, B ATB=TB &% =-TB IiF25. Siiag Rk 8Fﬁm,
K P B 21-31GHz SRS /K & 2Aew U, B LWP HK, Rl ERE B vV IBA
WSO O DX BB 3R, o H 50-54GHz 3s 8 A B AT 52 i AS 7K SRR IS s, {H 55-61GHz
AR OB TE AR Z A K B = B

Effect of liquid water path on MonoRTM -simulated brightness temperature
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Fig.8 Sensitivity Analysis of Cloud Properties on Channel Brightness Temperature Simulation
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Fig.10 RMSE comparison among Transformer retrieval, FY-3E VASS product (descending orbit), and radiosonde truth at different
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Fig.11 Comparison of temperature (left) and absolute humidity (right) profiles for ascending (top, 08:29, matched 08:00
radiosonde, pixel distance 10.7 km) and descending (bottom, 22:51, matched 20:00 radiosonde, pixel distance 7.1 km) orbits on
December 24, 2025
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