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ZiFEBRBIRERZ TREREFISAEMKEST
FHEAENERESRRER X

BT, meedes, Elm', FHEt, ®AL=?, BEAMC,
BRI, RE?, L, A

LORJEHT R ol TR, KIE 030024;
2. T ERbE R A AE IR EERIRAT ST B H 48 8 B S 00 =, 22 7300005
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7. RS v TR B R AR RIS 3, K5 830002

O OE: R PR T R X K SCHBRN G R B OCTE HE FET, R I R S R G IR T S s
B, T ORI BB SO AR 1 25 TR) 43 BRI, B TOTE W 2 X oK SO R E I 1 F5 oK . AR RE T4 3l
T FNOGoe 25 2 5% B i — R SR 2 M B FT-Transformer (Feature Tokenizer + Transformer) 575
TR R ST E H A8 SMRT  (Snow Microwave Radiative Transfer) [ R R 5 35 U8 [y By o i IR J5 =% 3 e 55
AMSR 2 5525 TBD (Brightness Temperature Difference) . F1Z5 7 35 H £ SCD (Snow Cover Days) FIFZ5 1 £ H. 4]
SCF (Snow Cover Fraction) Z45fF 5 RN AL E X R, #EA SMRT LA %580 T ki 12 ESG  (Effective Snow
Grain size) SEHURERUE SO TG, I LAILEE 39 >0k i 80s dEAT BEBU I ZR AR, ARICILSE 500 m [ RS
BRIELS RER]: 5IASCD IS B UE RMSE RAL T 18%, A W) THE B ALY 2 MNZ ALRE 71 ; ESC WAL T IR
A RETRIAG B, RMSE 4 6.82 em, BORIRINESG BIBEEIFETH 1 15%,  [R) kR P32 el k1 IR T A o B )7
G T2 ESG A& SE I B R AL H, REMS AU S il HIR R EME . FJm, XL A AMSR 2,
ERA5-Land Al SDDsd 55 %™ iy, A7 B JUBE 5 0K BE fe L, RMSE 9 6.51 em, 55 5 8] 7 A o B A RS 400
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5| A T, B, E185, TN, 8iL=, BB 5KM, B3R, &R E, L 3XH, XI#.2025. S REBHBRI THERES
SEREMKEHEHERNERESRREE R ERFIR,29(5): 1273-1289
Zhao Z S,Hao X H,Ren H R,Luo S Q,Dai L Y,Shao D H,Feng T W,Zhao Q,Ji W Z and Liu Y. 2025. Snow depth

downscaling algorithm using coupled deep learning and microwave radiative transfer model driven by multi-source
remote sensing data. National Remote Sensing Bulletin, 29(5) :1273-1289[ DOI:10.11834/jrs.20253540 ]

I 2R A, 20205 FEORU AE, 2007), FEHLERFIK
S TH] Y RE 0 S RN ST Al b ke #E EEEAE

TR 2 4 BROKAE 1 RS 2R 4 09 8 24 (Bormann % , 2018; He %, 2018; Kim % ,
#6843 (Pulliainen %5, 20205 4% MZ5#, 2005; 2015) . AR K ST 22 T R H X IR K BT IR Y

I iE B HA: 2023-12-26; FENZR: 2024-03-27

BEE&TH . MEE SR (45 :2022YFF0711702-05) 5 5 A R B FIRA 3L 4 TSR0 H (405 : U22A20564) ; HR 4 H5 3 4
5 H (45 : 24JRRA082) 5 [ Bl B “ PG 3 =2 0l 28 AT BRI H (455 : xbzg-zdsys-202102) ; VK% Pl B2 5 05 - TRE S 90 zs 1 3R wi
(4" : CSFSE-ZZ-2402)

F—EEE N B, 5T M AT E IR, E-mail: zhaozisheng2000@163.com
WISEE T ARAER  WF5T )5 10 AR 2 RS 5028 fk . E-mail: haoxh@lzb.ac.cn



1274 National Remote Sensing Bulletin i & 54k 2025, 29(5)

ORI, HAEHESERZ17% N (Barnett 55,
2005; Bormann%%, 2018; Landman, 2010). FHFEE
YERRE R LSz —, W2 g3 S %
JEDCBEE S AR K B TR B 9 BT IA A A Ok
SEECHE . R, R B T RAE B TR
AT T FK SCHE I 22 G |2 (BB AR 4%, 2019;
TEENE A5, 2016; T %, 2018; 4 MERFIKAES:,
2018).

B BN S FEIRE TB (Brightness Temperature)
AR E s #5, JF H A 1978 4 LR KMic ¢,
J2 H AT 4z BR DA DX R Al 35 3 TR B0 A 280 R e
(Xu%s, 2022; #WEA 25, 2019)., By Changg‘fi
(1987) B & &5 %5 B 35 R0 A8 0 W Bk AT LU &
W, THERFMTFERS EIRA 18 GHz AL
i 5y 32 R B 1 36 GHz 1 5e R 25 5 [/ IRAFAE
LMEXRFR, RIETERMERBERE. b TRIEEH
SF o TRV Tl 4 0 i e BRI RIS B 2 DA
T AR Z 20 ham . TR % AR AR A
TRFIERRE R, S B AE S S BRI O R A
et as B (Pulliainen 28, 2020; Tedesco Fil
Jeyaratnam, 2016; Jidm 4, 2016). FUE/NR
TR, A BFFE L Chang 512 S B4l
SIARMAE G (Che %, 2008; Fosterds, 1997;
Kelly, 2009) ., + 17 525% Le (Land cover type)
CEFAME 55, 2014) . IREERSEHEECTGL (Temperature
Gradient Index) (Josberger fl Mognard, 2002) 254
LN AE R E . R, i T RE
W ERGERENE R CR T RLM L, sh=X]
T NS B AR R 5, H A% RETCERE
D C AR R 1 1 I s AR A, xfE L o A i 8 5 IR
(Jiang 22011, Kelly &5 2003; Pulliainen %,
1999; Yang%¥, 2020). AUERAFF =R il
PARS RE Lt R, B YR, 2k
KT AR RS AR, W HUT  (Helsinki
University of Technology) (Lemmetyinen %%, 2010;
Pulliainen %5, 1999) . MEMLS (Microwave Emission
Model for Layered Snowpacks) (M:itzler #1 Wiesmann,
1999; Wiesmann 1 Miizler, 1999) DL & DMRT
(Dense Media Radiative Transfer) (Tsang #l Li,
1999; West %, 1993) 5. SR, T Gl R
i 2o 2 PP RS eI R SCHE TR A R AR ik SRR
WFET), MELLEHNH THRE . Hik, 454
SN | 1R RO A B B, BB E

Yy PRAFPERSZ I, RES LA Z IR SR E (Jiang
22011, Luojus &5 2021; Pulliainen %, 1999) .
Rl i, SIATRARIIAE B RS UGRE TR
WA S (Durand 28, 2009; Durand #1 Liu, 2012;
Luojus 55, 2021; Richardson 5%, 2014; Yang %,
2021),

FUHI, o 18] 53 B A48 35 B0 18 o UL T 0k 5l
O Bl L A BR AN Sk 1 S0 4R 5 71 AMSR 2
(Advanced Microwave Scanning Radiometer 2) fi% 15
$EAE 10 km 23 (0] 73 BEAR A Se Al . SR, ks
ek S 1 A T R R AORL M L R DX R K
SCEERE AN PR AT K (Dai %8, 20185 WIB%
A, 20215 BEBEAR AR, 20195 H MERT AIGKIEEE,
2018) ,  [r] i 3o~ 5 RL 32 S I AR F1 £ 5 T A 2 ]
PEBAIE (Hou %5, 2022; L %, 2023), W
S o T RBE B 23 ) 3 BE R, o R S R
LW B S, CAMIRH 2P R TR E
TR . W A S = MODIS %5 4 w5
[IR5AE €/ TR QG RN 0 (o SN N e
GRL BERAR T, BRI 25 18] 3 PR RS T2 T
5 REE (Gao %, 2010); Wi FRIEH 6
A G T LS 7 35 H B SCD  (Snow Cover Days) ,
BT TIRE KRR ECA NS HE™ &
(Mhawej 55, 2014) . Fifi%g P25 T AR A 4580 Hh 3
A TRBOR G TNERARREEL, N
RIS — 20 R SR AL T8 5Ll . Dai 55
(2018) FIAFHEFEFELHISCE (Snow Cover Fraction )
s X 7> AMSR 2 TBROC AR TSR, %5 &ML
RATRIF0, f MEMLS B8 405 15 2% BTD
(Brightness Temperature Difference) 525 TR &Pk %
R RIS RE, B R R T 5 8 I 500 m
2R BRI S T TR T AR AY L 38R FRS
B i3 ) SCF 504 17 Dai 9 F RUBES IR, 7EIRSS
P R SOEORG B, RS AN A ] AT A
G oL CEIIRERE 45, 2021) . FEAEHLER 2= T 1k
Ji, PHAZ I8 R B s b AE R S R L, TR
LW E A AN (Tedesco 55, 2004;
Wang%, 2019; XiaoZE, 2018; XuZ¥, 2022)., &
TEMER A, PLasr - BORRES MU TB %52
TCRE S TR E AL R, BHHATIAR S
255 SRR ZR (SCFRISCD) #EAT TR
LCE P N <SS i =D O AR 7/ B SR e D Rt f <)
g, FEWLE I ERZ AL REES (Yang
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S5, 2021) . Bt, EESTEATEERE R, 4
A Bl F0 R A B BE 27 9 TGDS  (Theory—Guided
Data Science) (Karpatne &5 2017) 8% PIML (Physics
Informed Machine Learning) (Karniadakis 5, 2021)
B ETE R R, JF O A K SO BRI SRl 5 0
Tr1) 3 3 5 ) BRASE AL (94 R B o ) BERLIRAS T O
#EJE (Kashinath %, 2021),

PR, 3T B 8l e 5 TR 2 () 43 B R K
HREFEAR L, AW T8 sl i fot 2
S5 20 PR RGO SRR PR TR A S A e
HISMRT (Snow Microwave Radiative Transfer) (Picard
&, 2018) AR B 2% 2) FT-Transformer (Feature
Tokenizer+Transformer) 15 %l (Corishniy 45 2021)
R I RUBE S5 TR S B0, O AR P e i S 0 =5 T
71 7T EERR VG o ik — 2B ihig A pE s Rk
HIEH AL, 5 B A BBl ok T REE 2R AT %
Fe a3 b, DA R DXCIORUBE g 1) 23 3 B 38 1 5 TR A
Pt RAR LT S A Al

2 WX SR

21 WMREHR

b @ 2 v [ R e 4E B R A R X bR X
(76°05'E—93°00'E,40°03'N—50°05'N) , HiJEALIR K
(http://www. coldregion. com/2024/03/13/downscale_sd/
[2024-12-26]), FEAFHILERAYBT/RZE LMK, +
S AT RS % b A K s i R ik Jbst b a1
SR TR, 8 TR KRR, MR 4
SR b FRARRAE 5 [ L S8 K 000 A 8 1 X I 25 5
FILX A REBRK | EALEH, BEHENI,
FEHBAT JFHh X A ZR IRV B KA D, R T
JUERAE SRR K B 29 4 100—500 mm, 4FSF-2 3 3
25 °C, AFPHIRMET-10°C (Rl 4%, 2018).

e RPE = KREEREXZ —, £V
SCDik 81d, AZEHffh AN 33.9%, ZHIX
BERE XA N 73%, FRMARERE XA N
24%, BB EE oMl X (FhEH %,
2021; BXZE AF, 2021a). FEREKE ZMdbEE,
TR IR S 2 b DX b AR I ) BRI, TR LA
R IR AR A& 05T Ll vk ) FIFR S ok o RS AR
Sy At g b X E KGR, XHZHXOKPEIA . R
AR b A s m . I, @ s o BER
TR BN S b R A A 5T A ROK B R A B

R S
2.2 IBREEIER AR

2.2.1 AMSR 2#iiE

AMSR 2 TBD £ 8 A A 5 B R 25 7% S A
U A AR Z — . AMSR 2284538 T H AT
R K& 5T B9 GCOM-W 1 T8 (4 8% 30 40 48 5 i
PEHE A 3K 10 km 25 1] 43 BF 3209 TB %088 (hitps:/
gportal.jaxa.jp/gpr/ [2023-12-26]). AMSR 244 7Fh
Wi . 6.9 GHz, 7.3 GHz, 10.65 GHz. 18.7 GHz,
23.8 GHz. 36.5 GHz #1189 GHz, Wifhtlfk il .
BV FACE#R AL H, dE 14480, R
PR, TR Dy UTM13:30, RIS 5t e
S UTMO1:30, AN =5 /52w H -5 5800 =5 TR I
[ PR — 3, [ A 2 1 38 3 B AR Ak A A T /KA
S HRAAFEMEESR (Dai%E, 2018; Takala s,
2011), AHF5E R H R 2 2 AL B0 s B i I R
F Efi ] 6.9 GHz., 10.65 GHz, 18.7 GHz 43 | 1l
36.5 GHz 1) TBD %4 #i# : TBD6_36. TBD10_36 Fl
TBD18_36. #RTMN, A A /K & f i3 fin 25 ik
S5 AR AT R AR, IR AR 15 S X = I fig
71 (Chang 2 1997; Che £, 2008; Luojus s
2021) . AWFFERAHUTFAAHRS TS (Chang 55,
2002) :

15.9 x (TB18.7\' - TB36.5V) > 80 (1)
TByesy < 240K 2)
TB,.s < 250K 3)

K i, TB,,. TB,. fl TB,, 7 % J AMSR 2
18.7 GHz. 36.5 GHz I Bt fb52 i F136.5 GHz K F
Wb 72 iR . M5 SCF M1 SCD ¢4 23 [a] DU AT, K5
TS A 1 B 3 4B v R AE 2] 500 m 25 [A] 73 P
UEAh, AMSR 2 L3 7= S $2HE 4 RE H 10 km 43 HE%
TR, X H PP AS A E 5% A R 5 R
i

222 [ERESEHE

SCF B4k A 35 1% S5 35 1 e IRUJE 8 (4 B < 4
/MRS ZITIREN (Dai 45, 2018) . ARAFFR
FH 2T 258 [ — il — I B8 v o A5 B AR LAY E H G
2 500 m (1) SSEmod-SCF %4 (Zhao %5, 2020) .
BRI T ORI T8 E W T Mol R
TG, EA 500 m R 0T N RS B 55 04 25 ] L )
fFR.
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SCD % Jz e 7RSS (1 KA BARAE,
TIREE . FRAK . HUE S IR R RS i K 5
W (Zhao 5§, 2022), MR RE S 2 AR T
2R A 1Y 25 545 B (Mhawej %, 2014; Wang
&, 2019), EEEMRERERIEZ —. SCD
U5 T E RN H D ERE RS oG (htp:/www.
nede.ac.en/[2023-12-261) A4 [ 135 W 46 B
£, Hidh a8 2000 4E—2020 4F /1 [E 2 4E 500 m )
SCD %t (X ZE 4, 2021b), b4k 1 dEE
2012 4E—2020 4F Z 415 SCD 8l -

Le JiF MCD12Q1 Vool BidliE, NERES
TR S B A M R 78 T A DGR B . AU SRR it 4
BRI N BE T IGBP 43 2 A o 1Y 4F B2 4 1 7 5 26
A, 23 [ HER N 500 m. Jbs b 36 78 35 28 A B
HEVIT S KR ZRAR . BEAR . A HRTAR M
ChASHE 45, 20215 ®X3E 4%, 2021a).

2.3 ERA5-Land Hourly B4 #7415

ERA5-Land Hourly B3 1 %4 322 8 SMRT 42
PR 8 A AR SR A B o I i MO
H ) R AR B R P L ECMWE - (European Centre for
Medium—Range Weather Forecasts) [ ERAS5 S fi
Gy TR B B AR A AR B, B R R L h, =
0] 73 B30 10 ko AHFFE 32 2 A& UTM
02:00 (bR T MR F2m S WET,,. 5
JRRBET,,, . T MW, IFFH RS
500 m AATECE 2 | VE T . Horpe T, AT, B9 22
N RS E TG, T [ 42 Sk AR R A2 B 25 72
b, 252 ET TR (Josberger Fil Mognard,
2002; Xu%¥, 2022). T, T, MpHTHRSISMRT
LA S5 RUE ki 42 ESG (Effective Snow Grain size) ,
T b T AT R R S I

2.4 LNEREE

b 5 S =7 PR AR A 32 2 T A I 2 R
i, JET 2012 4F—2020 45 [/ L4l 1l R AE
£ (http://data.cma.cn/en[2023-12-26]) . ¥ 4440
TR L ABORT AT A S i i DX A 35 118 BRSO I 3k 552 10 %
i, WP TR B B L 8. 00 . Ny
TSR B B S M, ARAIE S SR LA P S
0 e 3k S = Sy HEBR K AR S A5 5 A T
P, ZBR T 10 km RITNKIR N HL R T 20% 1S4

whi, IR (1) — (3) fEBReSEdE; SR
TEWEHE B SR IdsR, BHEE (10—
WAE4 ) Nl s AT 5250, A i R 1l
e, BBR T —HEBENAPEEE DT 30 d By
o T LRI B2 39 P uli i (F5E XA
% 0l 1553 A5 W http : //www. coldregion. com/2024/03/
13/downscale_sd/[2023-12-26] ), 3LiT27226 &4
o,

2.5 HHBVENIE

DEM (Digital Elevation Model) %k #& 2 4t 5
(R AR L I I e A b R B, 2 S
AR HEHIE R AE . SR TR T 36 B i 25 K JR) NASA
(National Aeronautics and Space Administration) % i
Y] SRTM V4 %45 (https://srtm. csi.cgiar.org/[ 2023—12—
26]), AMSIHEEA 0 m, FTRAEEH 500 m,

okt PP AT 5 e RS 5 ¥R B i BB RCR
B [3& AMSR 2 fll ERAS—Land 5 787 il Ab, 0 3RHL
TEIRERSE (2021) &R Y 22 IR AR MG 0 7S [R]
SRR EE B SDDsd (Spatial Dynamic Downscaling
snow depth) (i, ZEHES% Dai % (2018) 7&
T 8 e RS B i S TR A U 1, Jd i MEMLS 6
TRUASEPDLRE I Wt o 5 ik 22 5 T TR s ) B A A e P G
%, FIH SCF #EATRTT /it e BIRE RUE SR
3 WO
R T —FhAb s RZ TR A%, FIE
AMSR 255 [H /3 B0, Z RGBT hIETHE
BT, MELUERR B SRS E R 1o,
(D& PR G P A Ny e o T A= € GV
(Chang %5, 1987), 125 RHUHH T35 % 8 5 SCF 17
TEREF IR Z SDC (Snow Depletion Curve) A3
A% ZA (Niufll Yang, 2007). [Hit, A#F5EF]H
SCF AR FIWT AR 15 8., PR R0 PR
RS (1) 24 SCF=50F, i TBD 44 %
FH#EEA SMRT FI1 FT-Transformer 455 5 (15 J7 ¥ 2 i 25
TR, RPN FTT-SMRT B8 5 (2) 24 SCF<50 i,
£ e IO I ESIE T Sl A ERE AR N 5
SDCHESFHH . B 1R 7Rk R, ad
FTT-SMRT 5 B4 Fil SDC J7 v 4 2 i RO 5 % S i
ByEFSSD (FTT-SMRT+SDC Downscaling) o
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@ B LA_MS/RZ_IIiFSﬂLLIM Tokenizer 15 £ K iy A (1) B AL F1 28 51 45 AE 43 5]
P X Y Iﬁkf\ﬁ:—tttﬁéj‘?ﬁ/\/\mgﬂ
i @ Transformer B H B INFRIE S M [CLS] 2| THH2 T,
P R P Transtormer T~ SVRT (Devlin %5, 2019), %3 Z 4> Transformer block 2%
FTT-SMRT 4 T,, 83 Prediction BEHFE T, iy [CLS] #
Y A3 2R 2 R WU g5 . Horp, Transformer
AL aR U S IRFSSDsd BB £ Bl Transformer block 4 % . — 4
LT R R T P FSSD 3 B Transformer block i 2 3k H ¥ & J1 L il )= MHSA
Fig. 1 The main process of FSSD algorithm for downscaling (Multi-Head Self-Attention) . %% 2% i #: 5 2 IH —

snow depth retrieval
3.1 FTT-SMRT E R K REE

3.1.1 FT-Transformer f=#!

AHFFEAS ] FT-Transformer (Feature Tokenizer+
Transformer) V2% > WL LG TBD S5 471E 5 IR
B R E TR . FT-Transformer B2 A 2 Gorishniy
A5 (2021) KT Transformer ‘B T M 4% (Vaswani
S, 2017) Wi L ] T AR HCHE 1 TR A ) B A
(F2) BRI & 3T Z AL B . Feature
Tokenizer. Transformer fil Prediction 1 Bt , Feature

OOO'l
'@—»OOO OOO
IOO OOOl
| g

._._._._._.EQEWB%@@L_JL

K2  FT-Transformer ¥

I
I
g
I
000000000 000!
|
|
|
I
|

b . B2 4% FNN  (Feed Forward Networks)
FR, MHSA Fl NN #SfdH T Dropout 5 B 3 5 452
RURYZ AL RE J1, FNN BB o6 £ P RE L 75 1Y
ReGLU; Prediction 53 (4 3% ek £5Ch fif B bR Y
Rel.U. A3 15f n_blocks 2%t (Transformer block />
B W IZE I SR A DR R R AL S
AN [6) 250 G X 0L 1 I 28 TR B A Tm] - BRI g
R FH 9 A Ak A% S Wi S0 T2 b H PR BB AR S Y
AdamW (Adaptive Moment Estimation + Weight
51 2% R BCR 1 AT 55 v R 38 T 1 22
1k MSE  (Mean Squared Error Loss) o

decay) ,

HACLS:T, AR T A

000 000+{io
000 000!
000 000!
000 000!
000 000!
000 000!
II

Transformer | | Prediction |

TR BE 27 > R R A L4

Fig. 2 Composition structure of the FT-Transformer deep learning model

3.1.2 SMRTER

SMRT A& 48L& Y ESG T R AE LS By ik
LRy B 23 A8 4k, SRR > i S TR AR B —
FHVERYERAE S . SMRT 2 Picard % (2018) £EAL
A AN [ G B A5 AN AN [) 5 GOUR 45 40 I A ik, 3
B2 JZ RIS DL S 10 B iR . SMRT Kt

ENELOEER 3L RN E - S VR A hE (s Y
AR UL S A L RO R R AL, AT AR B R
b YT D 8 A i R R R A A B R 4y, (R
TR AR 1 I AR RS 5 Bt A AH B
EH . BT, AR T DMRT, IBA FIph 7 i
FHC AEE TR A B . Rl R
B, OB AR, MR B R g R e, R
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Lowe #l Picard (2015) TLIEW]IBA 5 DMRT Hig 4
IR AR TG S I R L A 8 AT e
() IBA P8 Fh i SHS (Sticky Hard Spheres)
R E O, 48 55 44 07 R AR S04 DORT ¥4
(Discrete Ordinate and eigenvalue Radiative Transfer) ,
T o il Wegmiiller £ I p R (Wegmuller F
Matzler, 1999). BRTASEFIMBIEE, R
B 1=, SHS Mtk Z H i o 0.15 (Lowe Al
Picard, 2015), FHMHAEE RN 3 cm.

3.1.3 FTT-SMRT &%

24 SCF=50 B}, iz F Stacking & BY, 2R W& DL M
TGDS 5 A A SMRT #L %Y F FT-Transformer £5 74
S ER, BIFTT-SMRT AL, Stacking (Breiman,
19965 Wolpert, 1992) JEEERF 2] —F5 24 1)
D5k, R > & 0 RO AE SRy oo A 2] 4% 1Y i
A, Ik B Ak O e B9 B B9 (Pavlyshenko,
2018; JAZAE, 2016) . TGDS i ] B 4h )
PRRTRLFIAL A% 7 > Ak i 0 =X, #E 5 AR
AU R E WL AL 5 2 > 098 JaR, sy o]
SEARE RURRL ., WNIE 3R, FTT-SMRT A5 758 iof
W7 > #% FT-Transformerl JLIE AR FIR, W)
SMRT #8155 ESG 5 il LSz AR 4y BAE AR5,
Ja 51 A ESG Il 4k 76 % 2] 4% FT-Transformer2, LU
PR 5 A SMRT A1 FT-Transformer 5 AL 25 ¥R B2

N

TBD6 36
TBD10 36

TBD6 36
TBDI0_36

TBDI8 36 sMrT | £5€ TBDIS 36
SCF Le SCF SCD
TGISCD Le TG ESG
N V
pugEd

TCH ) A
FT-Transformer2

I % 2] 3%
FT-Transformerl

3 FTT-SMRTFEALH g
Fig. 3 Process of constructing the FTT-SMRT model

B, W9 ) 2% FT-Transformer] 2 78
WIHETRES, "TRERIH ALFE R TBD (TBDV6_36.

TBDV10_36 F1TBDV18_36), T, HIT, MR
TGI, FERERFAE (SCF, SCD FllLe) Al F b P
A2 GeoTerr (L. £h1 | Sfe. S AYE ),
R T U B RS I R A I Zrad B2, XF GeoTerr
DL S SCD Rk #E A7 25 U S T8RS 2% LE 3 B AL
FRIELLA .

SRJE . FE SMRT BB ESG B, BR3.1.2 1
ZHH, 9K sl SMRT 5 #4 1F 7 TB Y A% & 18 A1 £§
Tos Tos py HIZJEE R SHS BR4E d, HiHp,
T... T, HlpH ERAS-Land FE0Hr i, 52
JE B A FT-Transformerl 2 i 01 R H IR dUT‘f?@:
Bk [0, 4] mmAKA0.01 mm 0T &R A
SMRT, ESGit#A[RIGEA T SMRT IF{# TB 5
AMSR 2 TB 22 °F J5 Fl fix /N ) d, f  (Luojus %5 ,
2021; Pulliainen, 2006; TakalaZ, 2011):

min, > (TBowr = TBsrz)” 4)

A, TByy, A SMRT L 10.65 GHz, 18.7 GHz
F136.5 GHz () AMSR 2 T EL AL SE TR, TB, e N AH
PTG AL ) AMSR 2 TBXcds . ik, A#F5E
ESG /& 2 il 5l 5 B Sy R M 25040 3 2k SMRT #0045 171
K, SHEZ LR ERAARRN, &R
G R A A R AR ) SR T R AR

e, FERAIE IR 5 M R R R A P Bl A
ESG, Il Z:ic X % FT-Transformer2 VAL &R
S,
32 SDCERREAZX

f£ SCF<50 i), B w54/, AMSR 24T
ME TR RIS {5 B, R Niu Fl Yang (2007)
FE R SDC T ik S B, %7kl H 5 % B
WERMSCF ISR BHARAKT .

X
100 x SCF = tanh 100 x 5D (5)

2.5 % zog(p/pw)m
A, SCF MM EMEMRE /7 Lhfl, SD RHTHE, H
M em, z, AHLTDHDES G, H0.03 m, p HEH
[, i ERAS-Land P82 10E, p, S %
B, WUEH 100 kg/m’, m AEALE T, BUE A 1.4,
F 75 21 SDC 8 H T 1

1.4
SD =3.75 x (p/100 )~ x In(

100 + SCF
100 — SCF) ©)
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3.3 L FnFE E e TR < _ _
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Abstract: High spatiotemporal resolution snow depth data are crucial for hydrological modeling and disaster forecasting. Currently, high

temporal resolution snow depth data are typically derived from passive microwave measurements, which has not been able to meet the needs

of regional hydrological and disaster studies due to the low spatial resolution based only on passive microwave data. On the basis of passive

microwave brightness temperature data and combined with high-resolution optical remote sensing data, this paper aims to develop a high-

precision downscale snow depth inversion algorithm to provide high spatial and temporal resolution snow depth data for regional-scale

hydrology and climate research.

This study proposes a downscaling snow depth retrieval algorithm based on multi-source remote sensing data such as passive

microwave and optical, coupled with a deep learning model (Feature Tokenizer + Transformer, FT-Transformer) and a Snow Microwave

Radiative Transfer (SMRT) model. Deep learning is used to map the complex nonlinear relationship between features such as AMSR 2
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brightness temperature difference (TBD), Snow Cover Days (SCD), Snow Cover Fraction (SCF), and snow depth. Considering the influence
of the physical properties of snow, the coupled SMRT is fitted with the Effective Snow Grain size (ESG) to characterize the spatiotemporal
dynamic snow properties, and it is input into the deep learning model to achieve downscale inversion of snow depth.

This algorithm was used to obtain downscaled snow depth data at 500 m spatial resolution in northern Xinjiang. Model training and
validation were conducted using observed data from 39 stations in northern Xinjiang. The validation results revealed that SCD can
effectively represent the snow accumulation process. Independent validation showed an 18% improvement in RMSE, indicating enhanced
spatial generalization capability of the model. The inclusion of the ESG feature significantly improved the overall accuracy of the deep
learning-based downscaled snow depth retrieval, resulting in an RMSE of 6.82 cm. This represents a 15% improvement compared with the
model without the ESG feature. Additionally, the inclusion of the ESG feature greatly mitigated the underestimation of deep snow (>40 cm),
leading to a 35% improvement in RMSE for such conditions. Furthermore, the time series analysis shows that ESG is consistent with the
trend of measured snow depth, thereby constraining and stabilizing the output of the FT-Transformer model. Finally, compared with existing
snow depth products such as AMSR2, ERA5-Land, and SDDsd, the downscaled snow depth data from this study exhibited superior
validation accuracy, with an RMSE of 6.51 cm. The spatial distribution of snow depth was also refined, particularly capturing the complex
snow depth heterogeneity in the mountainous regions of northern Xinjiang.

This study explored the feasibility of combining the SMRT model with deep learning for downscaled snow depth retrieval. It obtained a
downscaled snow depth product with high accuracy performance in northern Xinjiang, providing a reliable snow depth inversion method
with high spatial and temporal resolution for hydrological modeling and disaster forecasting.

Key words: remote sensing, snow depth, downscaling algorithm, deep learning, SMRT, AMSR 2, snow cover days
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