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2y 5 Wb F 5 R B A9 80% (Trenberth 45, 2009) . 1E
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2016) .
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Xiong%, 2015; Hu FJia, 2015; Songfff, 2016;
Yao %5, 2017a) . = fAE/MEIEHRHIESS [A]7% (Moran
4%, 1994; Jiang Ml Islam, 1999; Tang 5%, 2010;
Longfff, 2012; TangﬂlLi 2017) . #:7F Penman—
Monteith I, Priestley—Taylor 24 X 77 7% (Cleugh %5,
2007; Mu 5%, 2007, 2011; 2008;
Yuan %, 2010; Zhang%, 2010; Wu %, 2012;
Yao %%, 2013; ZhangZ¥, 2016; ZhangZF, 2019)
AR B R4k (Huang 45, 2008; Xu%§, 2011,
2019), FEETHHEIK S 1) S i, AL dE 2 g [
Eﬁ%\mﬁiﬂﬁ%&ﬁﬁﬁ%ﬁ%o%?ﬁﬁ
W p A Y O AR ERE T
W 25 RS AR B 1 %UFﬁlm1tEﬁéEj‘%§éﬁiiif
L I3 2 B 2 BB BISS A , SRBU A 35 R Getk—
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PUAG SR . DXl R S Bt . BHIL S B &
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HY TR = o B A R ALK, LD T 32 R
il X LR SRR P DX A B
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SESPRAR R, B Al 7 vk i A A )
RTRIE 28 2 BR300 BT 7= Sl R AR T ET RS FE 0l i 25
YRR MIOCHEI KB, B2 Y E R AT T vk
b LT A 2B MG S R (Kalma
%, 2008), TAILERF T AT K R
P T RS ERE (Yuan %, 2020a). %X
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Fig. 1  The overall flow chat of data—driven remotely sensed retrieval methods for ET

O A B9 SCHERZR R R Z2 M & F 36 T ad #1421
R M )7 ¥ (Kalma %5, 2008; Li %5, 2009;
Wang Fl Dickinson, 2012; Zhang 4 2016; JER

45 0 2016; Chen %%, 2020) K AH XK=& (Z=4E
A%, 2021), BEZE A ERE S0 R 25 kT, ok
R 22 [ e UL A B A DA IR SRR I, BT R
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YRS T AT AP K R o AR SCRLIE A VI A AL,
G RGUHIZRA T KL TR S S Y 2% B 18 S
8 51 R ity ) 1R 9 AOMOFSE E R, T I 22 56 [l
I ML 5 2T R RS 3 07 1 %A 5 T 1/
A A SEAR BB | DRSSO AR HEAT TR AN
FILEES , B Jm 4 W1 35 T 40030 9K 5l 19 2% U A 3 I
S ABAIFE  AR A K JE 7 1) o

2 Bl R Sl B 78 B S SR T ik

8B PR JC L PR e RO A
M A e A PR B, 18 Y = 24T 55 30 2
A TR AT R M R S8 MR ZE R O R
(Wang %, 2010; Z2IAK 45, 2013). KFHERSN
ZE B kP I PTG BB & Ok UR (Trenberth 45
2009); 8K 5T DL HE R A 7R R A K it
N, o SO ZEEOR AT I AR O A AR
2021); HBAR2E (MR BRI M 36 25 SR 2
25) AR ARG DR A 0 R B SR, MR
FE AT DL s R A HE K IR F B (Anderson
4, 2011); KU, FEHPCHREC. MRS . fhm
TG 0S5 AT AR BORLRE FE | BH40 55 b T 7 o 1 4%
PR BT B, X 8 R R ER 2 5 2R R o AR
(Wang 5%, 2007, 2010; ZJitk 25, 2012; Bai
&, 2015) . ZEHCRMAEEV LIEERZMR LA
i R R A A R AR PR T A A,
Y E SN )

ET = f(R,.R,T.T,,VLWS,---) (1)

Krp, R AGRMREERST, RACRA SIS,
TAERM KRR, TAGRSRIRE, VIR
B, WSIRENGE .
21 HEEZMAWEET R

FRLHA B 28 56 0] 05 3k 2 ) B AR 25 N ZE R

g Ko v R I AR 2R M OC ROk A A R R R

(Jackson %5, 1977; Seguin & 1982; Seguin
Ttier, 1983),

ET,=(R) - B(T.-T) (2)

A, s MR B R RERT R, B I
noEGe RN R B, MO TR TIRLRE . RARE
JE . XGEZEZR (Seguin Ml Ttier, 1983; Kalma %,
2008; LiZ%%, 2009). CarlsonZ (1995) MEHE |
S H T AR N i RE RS B S, W BE X

n
i

o H R S BRI B, R a s SO AR
PRSI E N RIES R, & HE S I
Ko BIRZAS A B ER 119 0.015 2] 58 248 5 5
f47.0.065, 45 £ n 19722 10T B DA 56 4 A8 1 B 5 1Y
0.65 ## 1M 1 (Kalma 5§, 2008). 7 H R I,
%07 B WS W € 29 R 20%—30%  (Kustas F
Norman, 1996) 8% # +1 mm/d (Kalma %%, 2008;
JEORMR, 2011) . IZZ 5 B H AR T LR Bk
I PG e R S Y LU HUR TR — R N R E
(15 HPY et s n] DLZRS AT BT bR
A PRGE AT LSS 23 2 H Al ) e 7 i L E
R MEL (Kalma %5, 2008; Li%F, 2009; Jf
PR, 2011) . 7E 20 th 420 18 SR S i B A ET BIF5E
AT, 3 5 AR A /N B XS BT Dy T
KA T EEAEN, AESEBRI ARl R K g3l ]
FIVERAE AT R £ B (Seguin 45, 1994) ., T Xt
b T O D045 A AR L DAY TR IX B ET
5

WEASC RS (EC) AT LLAR BUB HERf 1Y Hh i
AL, B A BT 168 A OC AR G Y A WL )
2R ST, LI B R S Y Y L B 4 R AR
B, JEHJE Fluxnet Il ARM 25 300 H 84045 79 i 3
=, ARl R RS IE A B SE T )7 sk s AR
GGG R GURHAIE I R B T 75 HE
R ITERS TR L JE (Wang 55, 2012)
2256 [ 5 AN T FUROR T Ul 22, TR e
B RO S HOCR B U & AR 8RR
AR E SR M OC FOR AT 2R HUR A B BIF
FER AT E R A BTG ML, {08 i 2%
TR . ARBLAR . M 3R S R AR A /D i R AT S
RO R AR BB OT I R R . B, AT
Bk f R GRS Y EH R, TEIX
B A A EMEROR, W R E A5 R
(Kalma %%, 2008; Li%¥, 2009; Wang%¥, 2012;
JEZEHRK, 2011; Carter # Liang, 2018), 1fijid FHE
SR RS A IR A AR X RO, i, &
50 01 U9 07 125 FR I 388 20 T T B 7y BRASE B L ik |
I A2 BR 3 A1 B0 22 il 503 0 W00 g o 8 4 [l ) G
% (Nagler %%, 2005a, 2005b; Wang %5, 2007;
Wang #1 Liang, 2008; Wang 250 2010; Yao %,
20115 Yao%, 2015). Wang%F (2010) HHh7E
BRI 53 Ry S S Uk 2 K ) g Ae i, ] A KUE T
WS E G, e I EdE . Z M
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T JEE, P T R T Penman—Monteith 77 2 19 EL
A—EPWHEL ., EHTA&MHl LR
R ZE O AL A 2O E S TR
DI % 4 Bk R 11 b 3 28 8 e i SR SR o
WFE RIS A [ M2 NG A 22 5% (Yao 5,
2014; Feng 0 2015; Liu ZF, 2019) . Yao &
(2011) FERUERBIRIILRS |, 454 220 Al i
LI EC A A O &, 4 7 —Fh R IR A
ZRURFRUR AL SAATAY 25 b U8 I 45 SRS B AT,
AN T A ER M R AR B A (Yao 55, 2014) ¢
TR XA [6) 3 26 4 il ST AL R, &k
W5 BE 0 Tl AR ARG B (Wang 55, 2012)
Yao 55 (2015) 7 Priestley—Taylor 23 X A9 3 Al I,
FIH 423K 240 1 Fluxnet 3t £0080 00 B8 51 X0 A [7] Hb
For B RE, S T AT 2R R M2
ZRAGE T, YaodF (2021) TEIZGR 7 1AL
DAL, B S AR RO A S R A S A
ML AT A RE S, HFTSEUL T Priestley-Taylor 24
256 R AT H T UL EICHE A T ) A5 Y
fAis . Sy H . wEREMER, HARR TR A
HHAEAEE (Mueller 45, 2011). o T4 M
RIRFEZ 520, 38 TR D a4 sk i faf 5 [l )
T3k 22 i T O 25 9 AR B 25 SR BE AR R B AL g A
(R 1), WA RIS T o 5 B AL HE 28 50 ¢
% (Wang 2 2007; Wang Fl Liang, 2008)
Helman %5 (2015) FFH 16 4~38 & 0L 3 5, Mg 2
AU FH R A SR b IR A B R 2R WU 1Y
2505 )7 7% o Carter #l Liang (2018) %1 Xf £ Fh £ 56
D5k, SRR AR RE Ay b 3R B B s KRB, 4 )
TR RE T 4K AR Wang % (2007) XF HLAF5T
R, AT 2SR H AR A RBIRIER ),
FH MU H S A 28 BOR AR SRS B B v, AU
g R 10 B RO R TR B A Sl i A S B0 &2 B R A
ARG H V25 3 2 3 B AR A A RSB T X L
RS

B 7RO S B, AR S
BN e S 3R I 8 30 06 F R A B3 28 K Ui Pz
W& (Choudhury %, 1991; Kustas %, 1993) .
Min il Lin (2006) 44 8 7 {3 & 5 26 22 S A b 48
BHZER MR CR . Han%E (2017) 44 T A
122 GHz M1 37 GHz WU A 5 A SEAF - 1 H 281
KB 2T, A5 R RMSE 5 0.27 mm/day.
Liu 5§ (2018) $ 0 1 A H Sk i 491 4l 4 5 3 -
HuER S 22 5015 %48 AMSR-E  (Advanced Microwave

Scanning Radiometer—Earth Observing System sensor)
B S B 36.5 GHz K 5 AL AR V- 2 S PR 7%
BRI, IR B 1 H A5 48 2 S Bn L
R MSZ 2R IWEZ M ER KR

2.2 BUBRIRZNHIHERFESI L

N Z B LA 3 et g L0 A e 22 160G R 3%
IR B 4 BR 3 A sl s B LI AL 2 00 0C R,
FLR B GE T 5 H O LA A S R Y R
AR BT I AR M mIE B EE Ty, Pl
2] INE TR TR RUR AR BLaR
o 2] 7 VE R A T AU T p R EOR A 1 2 00
BB, AN E M EAR T e BOE 20, AR 1%k
i FE R (Jung %, 2011), 1] AR 48 5 [0 09
TSR, 36 n] LUK h 2 4 R (5 8., JF
BE LR 24 (Reichstein 5%, 2019), ©
W T RSB . H KBS BERUE
18 IR R B R G A5 M 2 T (Kaheil 55, 2008
Srivastava &%, 2013; Raghavendra #l1 Deka, 2014;
]ajarmizadeh%, 2015; Lm%%E, 2016; KeZ:, 2016,
2017; Zhao%F, 2019; ShenZ¥, 2019; Yuan 2%,
2020a, 2020b). Kumar%§ (2002) /iR 155"
7 G T 4 T b 28 I 0% R A7 2 IR A S B 5
Yang 55 (2006) i JH] 32 5 ] FE ALY Jy vk B T 1 Jk
i A1 224> AmeriFlux 3 s WIS, 1 H M R IR
FE . SRR AV IR A MR S A S A
AT IAE T R EA L 8 d REMARBUL . Jung
4 (2010) & FRAE Nature I [ BIF 5% J2 3T 4F 2K 52
7 B KR A AL A5 53k AT 28 HOR AR SR 5T
F| AR A2 B MTE  (Model Tree Ensemble) B
EERE T RMEAREE | R A I
RBUE, PPAE TR ER A ZE R a . TR
e, BHGEE 5S4, BT AR T LS~ AR
RAFTE o AR B ] TG 5 28 B i ML o7
U5k, EAEHAURT . Mg (adEA
I 2 A A T EZY LR SN 2 Y
Z 2B 2 M 2425 )  (Kumar %5, 2002; Jiménez
25 2009; DeoZs, 2015; Feng%, 2016; Bai%g,
2021) . FFEpEEAPL (YangZF, 2006; Kaheil 55,
2008; Shrestha il Shukla, 2015; Wang %%, 2017;
Liu %, 2018), FEAIR 4 (Jung %, 2010,
2011; Zeng %5, 2014; LiZE, 2018), Ffifl MK
(Fengg":f, 2017; Fan%%, 2018; Li%:, 2018; Shir,
2018), #eBR“#>J#HL (Abdullah%%, 2015; Feng%,
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2016, 2017), M5 5 AU B A0 BR BE 48 T o O A
(Kisi, 2015; LuZ§, 2018), MOMIZ 5 RIS f 22
HeFH 248 (Goyal %, 2014), ZJCKB(a &AL
Z JZ AL (Torres 55, 2011), K fz 2 i 5 1%
(Bai 4%, 2021), il #2MIH (Deo Al Samui,
2017; Carter Fl Liang, 2019), Z7¢ [ & i [l kE
ZPR% (Kisi, 2015; Mehdizadeh %, 2017; Wang
4, 2017), HEHERILKX B (Kisi %, 2015) .
Cubist (Xu %, 2018) FIEEE(E &M 4 (Xu %,
2018; Li%§, 2018) %%, VFZ 650 T4 [HHL
i oE 2 B RS IR, R B HLER A 2 Ok
HAGBEE R ZR AR, X —m OIS

(Tramontana 2%, 2016; Li%F, 2008; XuZf, 2008;
Jung %%, 2019) . AFHLES > 5 kS5 iR
S8, HAS B 45 /K A (Wu Al Ying,
2019) o HLae Tk A DL AR AL A4S S 1 UL
Bl , RUTERG G RTE, BRI
RERER R, Bl AR AR RORS AR T 5, AR %L
P BE A BT BE AR R s R
()RR, S SCHE R A8 TR HLAS o7 A T IR AR 28 HUR S
R AT IR GBS, TATE T 4345 AL
o TR B R, TP IR R A A ] ik S
EP I

F1 KXEHLKERWARKEITT E

Table 1 Empirical regression methods for large region or global application

Y UL s ] FE I Fisf
LI Ay i B RS, I 7 FH ROk B
i (L ELTTN - bt} - KRS, [X 317 FH RO
R*=0.88—0.96
i F R B R RMSE=30 W/m*
Wang % ) 2002-01— 3% [ 8 > 0L
MET g R s SR 16 SY5h 6 AL AR AE R —
(2007) o 2005-05 il
W) AT EL R’=0.84—0.95
RMSE=30—40W/m*
- BCINARF 1986 4E—1995 4 A
Wangfy LA AT R AR AR 5
no X 1Y, % S 53
T SRR 20004—  EEBATE 124 R*=0.92 o ’
Liang . ) N [N, 16 d ) I LTS TR ASE 4L 225 SR % L, oA
W) AHBLAE R, 2006 4F T UL 35t 55K RMSE=28.6 W/m
(2008) - PN 4.5 Wim*,R*}0.82,
L A4l . X
RMSE 4 19.8 W/m
ik Sk SNER ]
WangE U HSEIGANS  19824F— 43k 64 /3 & Wi 64 16 K :R*=0.94 BCINAE ST 1982 4E—2002 4
(2010) VR FATME IR 20024F il A RMSE=17 W/m? A RPERAER 8 km HIFZE AL
I IRIR R 2
R N ] 124 ARM 3 5,7 WG T 2001 4E—2002 4F
Yao %5 - 2000 4F— ) 16K :R*=0.84
2 R B (i A Fluxnet 35,34 16d 4 H—9 H H REM 4Bk 1°H
(2011) 2008 4F: . o RMSE= 14.74W/m’ .
K S/ N o 2 O 3 A LAWK
4y ik
K:R*:0.68—0.87
I A N W RMSE: 11.5—20.9 W/m?
Yoot %%T 000 4F— ‘ " WS T 2003 45—2005 4F
JE AR EC AT 2404 Fluxnetisi & H  H:R:0.80—0.96 i o
(2015) - 20094F 43R 0.05° M FFRHWE
TR KRR 2 RMSE:4.3—18.1 W/m?
4E.R*:0.71—0.94
RMSE:2.1—5.8 W/m®
Ay B, S A S
Z\:'t s N AE%#& JEF GF-1 TR KA , ol i
i A A SRS i 0 2% s
o X FH T MR DX 3550 B s 253 [ 3
YaodE  ABPRBARAT A 20004F— , L R:R:042—081 s
(2021) WAL TR 20004 100> Fluxnet % &, B H RMSE: 15.5—28.2, W/ PR M LA
B S JEF GLASS 7 #h , 1 20 7 /1
H :R*:0.58—0.86 o )
F =T IX

RMSE:11.7—23.9 W/m’
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AN E A I EE T 25 L& 27 > 77 1 19 IX Bk
ARG, R EABETE 0 . —Kadd
i 5T RO R Al S8 UG T R 2 0k, 3
— MR T SRS B R T R X Sl AR T N
A5

221 WEARERXRIEYE

WSS 5 A P i AU e EH A 15 ot
(EA AR, 455 18 ™ i R AU TR BORMRIUX
WEEHUR . ML KBTI . BRI
BL#S 272 20 7 vk CR FH T80 X 38 T 28 A3k iy - RUBE
WFE b ASR IR B A28 4301 o ARSI 3R s it ok
JERT AR R PIE: (1) 56 b DULIN N4 8 Jgk ™
/RIS . BT i R EOLIE X MODIS
(Moderate—resolution Imaging Spectroradiometer) b
P BUH TE M ARG B2 G ARk R IE S =
GLASS (Global land surface satellite) . 4=EKAEH 5
IRAE R 52 15 - M 2 fiE B WS GEWEX-SRB. (Global
Energy and Water Exchanges—Surface Radiation Budget)
5 1M BR 4 5 BE 2 R 4t CERES  (Clouds and the
Earth’s Radiant Energy System) % H 4% 5 5 fiig 25 ff
5% FF K& L ¥ JAXA  (Japan Aerospace Exploration
Agency) S50 B A i) 28 AR 5T 7 i, )
FHZ Fh i AR ARy SR sh Bt , AL as o > I
FOBE AR 2 3 DI 3R 25 1K (Yang 55, 20065
Jiménez %5, 2009; Tramontana?y, 2016; Carter fll
Liang, 2019; JungZ¥, 2019). (2) Hb i Wiil4s &
AR R GURAE O™ i A RSl .
R TR B R SR SRR X R R R
bi. 454 MODIS, GLASS j& BT [ i i 3% 24,
K Bl AR T RRE Ak B8 DX S R A R (Jung 55
2011; Chen%%, 2014; Tramontana %, 2016; Liu
4, 2018; Xu%§, 2018; Li%, 2018; Jung 5%,
2019), HPIZRIFEX LR, B TR EHE
AR B BAT AT ENE, 18RS & AR WK S
TR AN 5 P DR T 4 e SRR g 0 K Bl S TR g AN
BEYE (Jung %%, 2019). 38 BES & LR KL UK )
BRI R, AR B 1 A A AT LR i 3R
B 25 2R i bR H 28 HOR , (HAL AR T S s &
RIS E P, W, o T HSE PR,
ANREA R el i 308 UL R X 5 A X S5 s
o AR R R Y S R RUBE 22 57, BRI T R
HORTEE o Yao 5% (2017b) WF5ERWY, T3k s 4L

Hf ¥y A T T ARG B B, (E TR RO T
MERRA (The Modern—Era Retrospective analysis for
Research and Applications) <, 42 73 #1504 5 kS
JEREAR o 38 12 WL DX 5 A R I e B L T AR
ARG A AR A G, B 217284k (Jia 55,
2012; Liu&§, 2016). #H%F 1 km 20 #ER [ MODIS
FEhh, Tramontana 2% (2016) % i@ = uf i i in
3XIAGITTRAF- R I R B R 2, LR R
AR T B A OC R IR IR X, SR, 165 3l AH UL I
A K 235 B A JLE K (Baldocchi,  2008)
MODIS 7 i 1 ke 23 [H] 53 B 5 R T30 12 WL A2 5
7N, MR E . R A N R AR U A
Yy PR R v (Y S SR, AEHLAR 7 > O7 vk L]
B (KE2) . TEA BRI, AUA A 5 AF5
(Jiménez %, 2009; Tramontana %, 2016) %jET
LT HM R UR BEVE D 3K Bl I T By s . FALL A
UL AT DA Al B 2 A Bt SR i 1 K 1IR3
ZEHMMERMER (Andersonds, 2011), Jiménez %%
(2009) & HBAT PEL AP il B2 g AR, R
R P RO S U R . ALt
ANRZAL, A RFMT, B AT RER Ik
A B5OR) FH A i e ORI D) 2% (A ORI 50, 7 o0 R 4
Bl > BOR BA SR [l A F0 6 ) O3, il
G VIR BIR AR B IR 22, $TT T SR8 R i Ik
SR
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Fig.2 Number of articles published each year whose topics
include evapotranspiration and machine learning, as well as
that include evapotranspiration, machine learning and land
surface temperature from 1995 to 2021 (Web of Science, until
April 27 in 2021 )
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JE R R R S P AE R OCR, HAESRIRX
W (Jiménez %, 2009) . IXFh A U
1 ) RUBE B DG T R0, R i A 2 A DA ol T A
FO7 T8 B O (R, i A ) e v R R AT
TP I8 AN [ B Il T A 77 i 174 B 3 7 it 20
For i LA BRI ENE (Jiménez 4, 2011)
AR 5 B 7 il B 8™ i A
VP2, H EH AR A — B B2 58 4 T RE R )™ il i)
TERNEAEZ %, AWML R ERER
(REAE A S, 2021). 5% AR 00 B 13
GSWP-2 (The Global Soil Wetness Project—2) Xft T
ISR A RS HIUR AR S A 2R, R B4 BRAF 2%
WA TE 272—441 mm/a 35 Bl N 226 (Dirmeyer 55
2006; Yuan %, 2010). i3 X} X 1985 4£—1995
SRR IR 41 TP R AU W B4R, WTE R B A
BRAE V- BBl R AR O 290 1.59 + 0.19 mm/d (46 +
5 Wim*) , TPCC 5 U Ik A 4z 5 TPCC AR4 (TIPCC
Fourth Assessment Report) 4= ER AR {1 #5400 AR
#20.16 mm/d (4.6 Wim®) KT 5 2% K dls 4 1) b
MEZE, T 42 BR o e 2 T3] Bl T GSWP LSMs
(The Global Soil Wetness Project land surface models )
AR MIAREZE0.12 mm/d (3.6 W/m®) L IPCC AR4
it AL (Mueller %%, 2011) . Wang il Dickinson
(2012) XFHCT 4Bk 17 FRRE RS BUR = i, B9
IR 4 BR A il 2 28 WU A B 22 A e L O 24.1—
42.0 W/m®, 3= SR AEF X ETERT, b
GERH AR Y ET RS = o SOmT, %Ry 2 g )
DB ETAAAERR A E M

(2) Vs RO DOz O R A 507 s 0 %07
R AR, M s S R HE
KWK F, FERIERBUGICIEZE TR o Zeng 55
(2014) kT 3 2 7K H5 - 47 75 75 DA B fa W00 00 35
B R R R, K SOWLI s TR AR T i, S5
IV 5545525 GRACE  (Gravity Recovery and Cli-
mate Experiment) HiBR/Kfifi i - TWSA  (Terrestrial
Water Storage Anomaly) FUH5KHU T 428K 95 1~ it 4k
ARBERZEHCR, AR 7%, 5
SRR BEF . KGR AR g R RS S R
JEE A IR AR WO ST R AR L R S TR AR R R
TEBIEAEE T AR REZEER . X7k
AR T 25 () RUBE R DETC IR, R AS AR A5 55 i
R P R R B ) 25180k, (B AN TG i RAR AN
ZEHOE R 2 (AN R R 2Z 18] AN R A 1) 22 6]

K

ST, ASREMERRARIERS 0 H 2880k o
2.3 FHBRIRZNHIEERME HIE

A SOR B TR Bl 0 25 B0UR B A Tl
W2, [6— B} 28 23 HE R 04 A& FUAS [B) B 45 0 3R
FRLG

231 E—HEoBEROBRE

[Fi] — i 25 43 BE 2 0 Rl 4 104 2 2R 85 3K 3
(74, L B — AR Rl 25 o R ) Z B BT 5
3 et WL I S A0 B > R 22 L ET 7 i B 2
() YOG 2R, 38 3ok 22 A5 R0 5030 5 % B vy A B 1Y)
ETAHSE . AN LR BT A 5 2 st DL JGE
SAFBIAHAE], FEER LIRS B ET AR K
JRFRE . B EBIARE RS A REL, h TR
ETAHENRG B, ZRBkRG BT C Bk 28 iU E
A S R . B, fR oy DLk
VR KRR R . RSB Hldees
2] 05 AR N ] T 2R HUR Z2 R ET Rl G 4
FEH (Yao 28, 2014; Chen%F, 2015; Fengfff,
2016; KeZ%, 2016, 2017; YaoZ, 2017b; Liu
&, 2019; Bai%F, 2021). TR H A L
RUET @A k856 1 Y BT ELA IR S ) #EAL
FHRAVECHE 9K 3l 5 ik E A 5 R 0 n] I3 i g 7 A9 A0
P, GAFZET ZMELAILES, IF BEMG
UL K,k T AR R A 3K Bl Y ik v
ZE A P i P 0 BBTL ) ke = 8 SR A B
T 5 6 7% O i 2 AR B IR o) A, SRS T
SEET AR B L5 A R AT DL — 8 R 4R A BBk
JE o SR R T 5500 B 3l 0% 5 AR T T A A R
AEMRGRE, RlA B RS B AT A2 21 T Rl Y h
SEAE ARG BE BRI . YT 2R HOR RO AR s B
(R RS BIR 3 1) [7] — i 25 73 B 2B BT il 5 5 1%
ATLAEA WSS . 28R BT B RS f 2R ET F2
Al .

(1) ZHEBET BfG . ZAEBET 8RS
TR RS ) ET R ALR BT R A Rl e T LA
WA, iR, B aUR A iR R Al A
A (LG9 Al A BRI EL G 7 vk ) T LR
KAAkLE, EH8E, ETEH. HHRHR
SE L DU P A s TR A Rl G i O RS
FE T Ao AR 0 B BT IR RN 55 e B BTy Y 245 1 [ ) A A
= H AR L 2800 R A B Tk (Yao 55,
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2014; ZhuZ%%, 2016; YaoZs, 2017¢). DUnfirF
Py ay il BB & R AR B INECEY . BT
DU et 7 5 75 Y 2 7 B 2 AR R DAk AN ) 1 a5 A
RIS T A . Hol A Rk =CnF
ET = w,ET, + w,ET, + --- + w ET, (3)
ET, = f, (0,150,005 " W0is** * V) (4)
Kb, w, REF 2 DFREBAIAAE, ET, 2%
n MFRLA AL, £ FR S n A FRALA BRI Oy A
Tk, v, MR n DFRLGRIALAY S B K
B A TR ki T 2 ARG R, 2R
RV e LU BB B, i YA R v A AR A 7Y
BORVECRE o % 0 A2 T LUREAS [R50 1)
i 3 i e 5 Al = W= g R (A Pl S 5
PER ARG L BDUR RlA R B O T il
A REIUA B RGBS R A AR ot 1 AR TS LR
AN M BRI 2 Lz v
(2) ZHMETRARE . 28 ETRERE
SEFRBLALG 1 ET AL BT R A RlG 7 AN AT L
W ERIA, RVErAl G r B AL 5 o ik A e XA K
FARBAGE D (LA 2= > 5k L [k i
B 745 ) (Chen %, 2015; Yao %, 2016;
Yang 55, 2021), sl ok U A R W
Jrik CHnALES 2 2 ik %) ARG T ik okt 1T
F T R By HILARE Y Bl 2 56 [ IS A Y ) 22 A AR
E W5 (Yao %, 2017b; LiuZs, 2019; Bai %,
2021), o FEBERELG RBLRATRL A O R A ] X
Fik, ZRAIRARE A TR ™ MG, B
B R RLA 1) 2 BIRL 2y BIAL AT 245 A
ET{H, R0 FH Rl G 7 2B 4T 3l sl DX o 7 il
Hro Hos AT
ET = f(ET,,ET,,,ET, ) (5)
A, ET, 258 n MERA BRI SR, fFRoRal
Gk, SEGY PRI B RS, Rt
AlVE R kg TAR R R, 5l gy vE R
Blas 2 kAL, W TR S5,
I AR XS A, 0 R A LI B A e =
SOUE DR O X J, HAT SRR AR T 8 56 ] U i
FMLES 24 2] T ik o TRIAE, b A0 o 2 5 P AN B
it ML 27 20 3t s, T R X LA AR AT 58 v A5 B BT
il B0 DX 3R, AR A 118 5 14T R AR BT 8 i RS
JERAF ET A 25 5 . 2B AR 2Z b 5 24
RVET WUl A AR, RilGoRE BEATS 32 BR T il & 1

SRR AR B HORG BE A B i i BORE 7Y 27 1] ) S W 4
RGBS A R M HA TR

232 AERZESWHRNRHE

AN TR B 28 3 23R 1) B S 4 R FH B 3K 30 1)
T3 W ST B Z R AR R, SEIX AR T Y
Bh s il A sl RO, AR IR B 45 2 BER W ET 7=
i, AT e bl P e B SR G T L AR I v
25 BER M R ORI 8, B 2 A e R
SRR, (Yuan %5, 2020a), HAZOHAETH T
BE Z BB R (LeCun s, 2015), i 5045 3K 5
() 5 1 FLAE Bt 2 vl DA Mo i 9 . A Ui 2
[0 FR o ET A28 il A 2 R e B 0] 23 B 241K 25 )
SRR ET ™ i A S 25 0] 53 B AR [R] 73 38R 1
ET 7 5 47 fl G LA AR B B 25 20 BE SR 19 ET 7 i
(3 (a)); ETRERERE T S MO PERSHRES
HSA E PR ET = e R, dEm R R
B2\ FERET =8 (K3 (b)),

PR BE LR R AN TR 25 20 R b R 28 Wk
7 A S R AT T AR A 92 08 Y Hb 3R S ST R
SR, WRFEB RS BMN, Kt ms
MEER K (Wang 25, 2019; XuZf, 2019), OF
HHE DK S 1 ET B RUBE W 5065 85 25 18] 20 R 119 B 3
PR 38 o e 1 iR T RO R AL R, AR
PR 7 CAnALAs2: > i) AER R BIG
23 0] 43 HE R 1 T 78 BOR 5 UK Bl R i R ek G
F, R AR L 56 R H T s 8] 4y HE R 1 BK
BT I, SEE S PR ZEHUR  (Kaheil
45, 2008; KeZF, 2016). KeZE (2017) ¥ihf=s
Al G T ML S B R b s &, T
35 SR 28 [ RUEE D7 i AR 8 K 30 m [ 5L B
RO, 3F LR (1) FIH ¢ B Z1
Landsat, MODIS Al ¢, i %] MODIS 3 Ifif [ 5 2% @il &
J5 S AS 3 o, B 2 Landsat RO RIFEREFR L, 456,
i} %) Landsat . MODIS 1 ¢, i 2] MODIS i1 2 75 J3 i
G153 ¢, i 2] Landsat Hb 2 08 E, LL A o, B %)
MOD16 ET /™ iy, F| LA 2] B R 7 45 5 ¢,
A} % Landsat RCBE B9 28 8% A& 5 (2) A ¢, i %)
Landsat, MODIS il ¢, i} ] MODIS % 1 52 5§ #4351
A 2 A B 2R 2 BER i A g dE SO, il
H 155 1, B % Landsat KB ORI REIE L, HAY L 3%
[ (1); (3) FIH ¢, B2 Landsat 52 {515 51 ¢, B 21
P B 8 RN M R, DA M e BF Z] MOD16 ET 7~
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fn, (AL 2 2 B RO 5 32049 81 1, B 21 Landsat
REEMZERCA , Z 5258 o I 20 71, 1f 2] MOD16
ET 7= &, W25 flG 45 2 ¢, B %1 Landsat ]ROBE 9 78
WU

AR R
4,
L. Ly
o 25 ) 4y HHZE [H] 43 F e
ET ET

B

e 2 A ALY

T
IS
ET

(a) ZEHUR I 25 &
(a) Spatio—temporal data fusion of ET

4 :l_\ ﬂ
t, 1
L, L,
o2 ) Ay A HH 2 B 43 2
- EE

vl, v2, +*, vn
Y v

A,
i
ﬁ?@%ﬁ%-—+<:%ﬁgﬁﬂ )
V1, V2, Vn

17 :l_\
ktn 7

,
T
ET

wEsE
i
i

(b) Z& Bl Fae RUEE
(b) Downscaling of ET

K3 ARl 23 73 B O B Rl I PR
Fig.3 Schematic diagram of data fusion on ET with different

spatial and temporal resolutions

A 3 T B 9K B Y s 2SR R R 3R
B ML, A 50 F A e T i s
T 2 SRS TC v L AR IR ) 25 43 R ) b R 2%
R I TR, 235 4 5000 B 3l 7 vk e 500 G R v
A, AT LSRR N 2SR H R
B X IR ZE TR B G 5 R . AR Z AN TE TRl RS B
i EARH TR R ET 7 S RS . A B9 &
FFMODI16 /=85, WiiF L5 2B MOD16 7= fi ks

JE N BRAE (Kim %5, 2012; Chen %, 2014,
2015; Hu%§, 2015). WA ks R ) B R 18 SR 25 L
KorE i, BT B R Sl ) I A A o U BT
25 T B N R 1

3 KRR B (14 2 BRUA 0 R S

PR TR BRI i, NS H e &
A 7T O] B 25 4 9 3R 4 BR 28 R 108 TR R T
i, WA ER S S BIRIM ST 4L (NTSG) & A il
e CF SR AR NTSG 7= ) (Zhang 48, 2010) |
MODI16 =8 (Mu%, 2011). ETwatch =& (24K
J7, 20115 Wu%E, 2012) . SSEBop f= & (Senay
4, 2013) . ETMonitor /= f (Hu fl Jia, 2015) .
BESS 7= i (Jiang Fll Ryu, 2016) . GLEAM 7= i
(Martens %5, 2017) Fl1 PML-V2 /= (Zhang 5,
2019) 4%, [A]HA YL R TR MR L
FEAARAL, OB TR IR B I 2R UK
25 [R] 43 39 238050 1Y 7 i B R) o3 BE SR OR, s (] 43
BT 77 A B) 3 B RO Bz s o R
(R 77 it o X I AR S X BBl 3K Bl e O YR i U 2
BT RO 3K B (%) 25 B 7 A D 3 7 T JE I A
A ERTAREEIHBET ™. TS 2 ik
() BT 7= it A T Al & 1 ET 77 i o

31 EFZEEIPAMET =M

Y AIH Iy, BB BT TR
98 o TR E T AR BRI A AL R B A 7 e
77, BORAEF AR A T 2 sk A BRI T BT 80E
(KD, HEMXBHRERWATF A hTH
G B4, S5 MR Z 050 R T
DI 42 BR R ZE HOR A S 5 b, HL a3 b T
B UE S ST, e B2 B R RLRG B ALAT, AT
VFZ MR T 5 HAG SR A0 T B A (Yao 5%,
2014; Chen %, 2014, 2015; Feng 2 2015,
Mao %5, 2016; Yao %%, 2017b; Carter fl Liang,
2018).

32 ETHSHRFINET M

Hy T FLAE DU T 5 1 e i SR B, HLAS A
2 97 930 A R N T A ER AR O 7 R E
HwFFE . HETC &R0 ™6 W& 2,

MTE (MTE-upscaling) ity f& Fl] FH 15 B 3 £
B (MTE) ¥ FLUXNET (9 0800 %5 58 547 R
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EAE, AR T 1982 4E—2010 4F (1 B AT G R N
GPP, Rl ARG TER, M ESRGELHh
NEE., ##Gl & LE AR #GH & H =8, 25 509
N 0.5°x0.5°, W [E] oy HE R A RE . Ak s
SR T AE A ff B A X MTE HEA 700k, AR5 K
HENT U B MTE 53 0 T2 Bk R . 76 MTE Y1l 2%
bl T 29 Rl R AR A, PO B IREE bR O

AR LG FPAR) . SEdE . S5 EHE A
MW AE B A SRR /R, 5kl
I 3l A5 RUBE ET (9 4% Y 200 3 15 3K 0.84  (Jung 55,
2011) . %™ i KA R, EZ AT IK
O3 VA RS LA K il T AR 45 SR SR A AT 5
&8 (Stegehuis%“?, 2013; Springer%, 2014; Barman
&5 2014; SwensonZ§, 2014; Drapergfr, 2018) -

*2 EANNSREILSKREBE" R
Table 2 Global ET products by machine learning
7 Z:7% 3k WIRFS i ) SR 28 (B o HEe/ (o) I [l %5 B /4 PRI
Jung %5 2
MTE MTE RMSE: 1.29 MJ/m"/day H 0.5 1982—2008 —
(2010, 2011)
TR B
WB-MTE Zeng % (2014) MTE R:0.78 H 0.5 1982—2009 —
RMSE:26.7 mm/H
RNy
RMSE:2.5— /N,
. Bodesheim %% 5o b https://doi.org/10.17871/
RDF-half-hourly (2018) RF 3.94 umol-m~-s RS 0.5 mm_mmlmmmqmmost
AT/ RMSE: /i ’
1.62—2.97 umol-m2+s™'
9 ML(RS) — 8K 0.0833 2001—2015
FLUXCOM Jung (2019 http : //www.fluxcom.org
d ung 3
° 3 MLURS — X 0.5 1980—2019 (2021-05-10]

METEO)

WB-MTE (MTE-Downscaling) 7= & FI € A
T T R0 sty P o T A >R L K SCOUL I s g 9
AR, 3K H GRACE HbBR T /7 TV AY TWSA %1
P, BT EROK A A RO i ET
B (FosscRimB . 58241 H), SRJ5FIH MTE
R — RIS TEIK SN B 5 (AnfR . <R . B
WL KGR MR AE 5 5 K Py kA
M ET JEST IR, HEmA 28 AR <5 M TR A
Pk MTE B4 ) 2 23RN (Zeng %5, 2014) .
WB-MTE 23K ET ™= i, 7E TR a a8 5h1
NS E5 R —3, B AR K & P 5k A
ET #4075 i K5 & /= T MOD16, MTE il NTSG %
3N EERZREUR ™ i, AR AN 2 L R I
XA R A B RES K, 2016).

RDF-half-hourly = it 2 F| FHBE AL #R Ak (RF)
T, T4k 222 FLUXNET i & 3 5502 /it
NI EC A, 456 MODIS 7= & F S gt 55 Hho CRU-
NCEPv63 DL} 3 [ |8 5 A5G il i 7.0 NCEP 1 6 /)y
BF P AT A IE 4, A B R R 28 . X
M B (BRI BH A B 921 /NI W A 5 B e — By
i PR AT A AR 5 2 /N I B A A &R, A

T 2001 4E—2014 4E 45K 0.5°09 HAG 3 (2 /Nef)
GPP. NEE. LE Ml H 54, JF7E LAl 42 At
T AFAR ) HSEY BHIEER = 4E (Bodesheim 55,
2018). fEAF—4EME, X2 —EHETH . &
FEE ZE IR IR /N RUBE 7= it

FLUXCOM £ 4177 i 415 149 2H fE 1t 3 12t 7
i R ST . T HGE AR GE ), Hop ik
KB ah 638, B GIRBIRIKS) "0 84 &
(Jung 55, 2019), F&TF 3 FhfE & P AR IE (AL
1E L PESCHRIE | RIEKIE) BY4BR 224 305
UL %5 4 A1 MODIS 77§ (MOD11A2, MCD12Q1
MODI5A2, MCD43B4) : 4= 83K 3 (1) 7= iy i FH
JURMHLES 2 J7 1 (OML) 454 JAXA K AR (345
W TR WM (JASMES) A S %6 ok 58 5 7= i A 9K
SRR, AR T HGE R 27 BIRG AR
UK 7= E A 3 FP ML) ik (BML) 455
4S8 ERA-interim, GSWP3, CRU-NCEPvS
CERES 4% S 58 45 & A BREE T A1t 4 (GPCP)
RN AR, o FEp A R IR SRR, AR R T
PUR 7 5 36, FLUXCOM £ 4177 St % JE T
H . R TG
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EL A 10 3 T 5080 O 3l B ML 2 27 21 0 1k T 3R B
FIZEHCE e (F2), 2SR i, H
ZEHCR = S o B L R 3 A DL W
. (1) &AL EdE. WA
RITERZKB TR HmA, CA MRS
FE AT PR, BRI ERA-S TR BT 7 A 40 B
R 0.25% (2) WA w28 3 P HL 28 i 2210
AR BOGE BEE . O MR 4 i B i e Bk H
FEEU KR W JT:F5E (Tramontana %%, 2016; Carter
Al Liang, 2019), LU [E] 73 ¥ 2 5 (1) MODIS 7
EARIE, R E A R R 250 mo L A
PR ZRBOR 7 i AGE T B KA 2R R K 43
e mAEPAIESE, M LI 2 T[] RUBE B 7K - Ay
s A ALK o R RCR AL SRR 7oK (Ke 58,
2017),

33 ETHEMESNET =M
GLASS ET y= iy, J&3& T D1y Z B A gl & 1)

I, 454 AVHRR. MODIS Fl MERRA F543 #7751
P A 7= 1) 7 T A R et 22 2 ) 3 52 1) T A e 3 UK
b Yao%s (2014) X[ M B WAL, ff
FH UL S 2 8 5 vk A T B AP 3T Penman-—
Monteith ()i FEREAL | PFP L T Priestley—Taylor Y
i R AR L K — B R Bl 2 R g AR %7
B GLASS 77 it Bl R 28 U W B O B T
an AR . T IR 2 BER O 8 d, HE T AVHRR
(187 i e gy 3 [R] 3 B4 0.05°, T MODIS 1Y
PR R AR A R N L km (83). B2 Frf
B H R ZE RO R, AR RS 2 JE 1
GLASS ZE Uk 7 bk BE B W i 38 v, W0 T itb
TV BLSEAE . AH LT3R THLAS 22 2] ik i r= i,
T i A A AE T T A R R ELA Y B AL
T TG 00 I B B DX SR AT R AE Tl
ARG 2 B e A B ORE FE  BR A

*3 CAMSEEMANEKREARET @

Table 3 Global evapotranspiration products by integrating multiple models

77 i 275 SCHik Jrik: KR IRRITRA o 7h S TR S e RO
1982 4F—
e http : //www.glass.umd.edu/Download.
. ) 20184F:
Yao45£(2014) ; R*:0.72 1982— html[2021-05-10]
GLASS ET . L0 St ,  8d  0.05°,05°%
Liang 55 (2021) RMSE:42.2 W/m 20004 2018 http : //www.geodata.cn/themat-
icView/GLASS.html[2021-05-10]
20184F: 1 km
p FHEBES R:0.65 2013—
Hi-GLASS ET Yao%£(2017c¢) . 16d 30 m —
E  RMSE:23.8 W/m’ 2018
o https://doi.org/10.7910/DVN/
fif FpLF-2%
) . RMSE:20.95— 1982— ZGOUED[2021-05-10]
SynthesisET Elnashar 25 (2021) + H 1 km
qa 30.12 mm/ ] 2019 https: //elnashar.users.earthengine.
He

app/view/synthesizedet| 2021-05-10 |

Hi-GLASS ET /=i, 23 T 28 Hfig J71 A fl
A, 454 Landsat A MERRA F20 #7804 A= 7=
B4) 1 225 T] 43 236 11 4 B ol 2 8 ARG o 38 = i
Yao 5§ (2017¢) RHBREAE N AE R Em AT
—Fh 3T Penman—Monteith F 33 AR R —Ff SR
R PHFPIE T Priestley—Taylor I FEARE A L) K —
Pl B8 3h A 2 3G AHY | i H/E A Hi-GLASS 7™
fn B R HOUR 0B T B T AR %0
B R R 16 d, ZSHAAPEE A 30m (F£3).
Hi-GLASS Z& 8 & 7= fi K BE A Tl & 19 e — B0k
HE S s 5 GLASS SE3EZA.,

Synthesis ET = ft, J& 5 Tl S B4l & 1y
AT B A R 1 kem 23 93 ) 38 S8 i 2 A 8K
i . Elnashar %5 (2021) #%HUT 12 BZEHUA =
i, A 4Bk 645 A HE LI A5 A% T Sl AR 5
B, O R A HEAT T T B T A
FEE 3 A Y 3k BORS B 98 3 e A 174 e B AR
TR IR Al A o B2, 1982 4F—2000 4F
e I NTSG 7= & (il o fiz 3T 2 =5 R FF B R 3]
1 km); 2001 4E—2002 4F, 4 MOD16A2(V105) Fl
NTSG ;= i A7 6] 715 2003 4E—2017 4, ¥
PML ™ i GGl R oc 3 7 RO 2 1 km)
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SSEBop 7 i AT ] HLF- 35, 2018 42—2019 4E L ]
SSEBop /7 it 5 FE[AI 41 G449 5 T Synthesis ET 7 i .
W ERS T LR R SO R, S T B
T —ERGEEAXT AT AR | N R LG AT A T A £
B, SR, AR &S ] 43 B R 0 7 i AR oA
Fenyas M REEAR R, AN S8 U8 DU 5 X 45 50
TEXT HE AT 45 B HF e = 5 B

4 %5 1B

o A=A, UG A, BRI S ZE
A 18 S RS T A A A R o MR 1 R
5 b T 25 R i A A Al R M O RO A R R 2%
UK, 1203 R JRe Ay 5 1 R S L 5 4k A Yy P A A
S B EE A RIA R, BRI ES '
JE2E IR R, BRI Bl ) 5 8 Sk
S ZREL, B O Bl 1) 250U SRS B % A
PETF, (R 2 R BN O Bh 1 A Bk ZE BOR
ftr o AR HATATS I — L6 PR

(1) k= Eut s 3 FER B Z8 8L 77 fh o i B
25 PRI ET REAS 0 4y b 20 1 FL i 25 AR (b 25 57
X6 TR M 118 7K 43S A £k A (i) R K 0 DR A
PG EEE L, ARG, L
[Fi] i S JO5E v B ] R 55 2 ) 43 B3R A RRAE (A W
A K A 1 Hi—-GLASS-ET ;= fi EL A 55 5 19 25 1] 43 ¢
(30 m) HILEFEIFHEREAL (16 d), TiETE
O3 PR B A ) BERARA (0.5°), HeK
LR Y B B AR PR (8d, 0.05°K%
DL ) o X4 id Bk sl i SO ik, Bz e s
Gr PR I 25 7 2L 0 TR IGE BB ;K TR
SRR, ©AT Y AERTE M 72 o R R
ML, BRAE TAE SS9 NESR L%
ALY 2 S P AT IX G B 0 AN R E M, kg
AR RS B BN R

(2) 25 [a] RUBE ANV E 4 [R) A, 3l 08 3000 9058 1X
H5TREBTZEfFESEREZES . BIRLASHE
A UG T R B Z& B & I, {FLJ2: LAS S 3k
B ARV TFAE KRR K BRIP4 B
AR 2T EC I, A Wi & 5
G B 43 9 238 8 ™ i 11 6 ZR R AR I R B
SERREZRBL, T3R5 IR B 2 A
OYHERANE, AR RRAT RS Rk A5 3 L Y
DX 5 % DR 5 A B8 b o R J ™ i ) A ) R
JE2E5, MNIMIRRAR T SRS B

(3) PPN E, SHT REAR. &%
IrESENA 2R T AR ULEA) ¥
SO AL FEASAY | E A LIS 1 DX A B A0y
RSO AR N I PR T B 2 A, AR L
HEYREATFER . HTEKRAmEER, 1P
REL /NN g o S B SR R b W vy
SRR MR AE O, BAn Vb . 1k A e = UL
ARy DI, AR SO B2 TC R ARIIE

(4) MbFRUEFE . B i S5 2R L T B 0K B
P2 AN JE o AL A1 b 30 B T LUOA Ak B 25 1
EHMERZ KRS FANMENEE, B
U B 38 78 250 I 2 5 i o Bl i R A 4
PEAEHHOR S, A MR R E AN T
L% B JE KRR 7 BRI A R, WA AR
JEXZR UL A R W R AR . A
9% 21l AR 5 B0 A5 8 A f, BRI LA AR 1)
N ZE R MR AR, (EAS REAR A 1 W ) i 1)
AE Ak

(5) LI FSC B Jo a2 ) AT, B SR 7E IR 1) A5 i
SERB AT, BRI B i O vk AT D — e R AR
e ET AR FORG I, 0 G B 1) B T 5 S voi B M T
R T A SR S A o B 3K B i O vk 22 R R A
VR IECHE A IR s, 4Bk F T2 /9 EC X
HAFEA R A A RS, PEHiE 2 ROT- 26
BEAMEGERL 0.8 (Wang 1 Dickinson, 2012),
FEME R B IK Bl 9 7 V6 RO ET B, 257 2 A i
A7 P A M AT A AR 18, SR AR FEATS AR IE A
AN TE 5 TR J 1A .

(6) @i = TR ZELRZEB BT &
BRI R A 25 1 24 o 3R TR 5 Y 30%—40%
(Schlesinger Fll Jasechko, 2014), 25 Z& & W)
56%—714% (Good %5, 2015), +IE7E K& FIAY W25
T () 53 B AR LG TR A, T B R 2 R SR A
B, X521 2 X R AR . R K53 R
BORMIRTFRAREEZE X CRE 45, 2016), &
B AT BRI Y 200 Z2 Wl 5 FF R 3
THZE B ORI 50, 2 SO 00 75 1) ) 2 s 25 ] IR
AR, 78R AT50T R B 78 R 7515 5 55
B AEAE ROEANTC R A R (Xu 55, 2021). HHETL
A B BK B G B DA 28 B (B SE (Fan 25,
2021), A5k = 38 FH 5L T 500 B 3l 0 2% & 75 1 53
B

gi LRIk, A AR TS B C A R R
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BER b, O A A BRI B Sl ) 2% Bl TR SRR T
HEHEAT TR, @B mE . Bl T 8Tz
B BECHE Bl MR RS, T I B 4Bk
PR T AN T B 7 i L S AT AE B Tl
WA AR BRI, A5 S R i T RAT
REBR A A9 JEE , 3R IO 1205 B2 24 T s 19 Bk
f, T RS WS 107 R PR P AL . JTAR
SEIR, MU IR Bl ) 2% B A R S S, A% 0 R
Pyl iy I, —Jrian, i TRl (Pl
S°0) JrEsRRR IR AE ST, RIAE 3K h K Hi B
BEER, AT BEARIBORS B AU AL B A A, T o) —
Jrian, 25 R A I A AR AR A BRI, I3
MENTEAK Z MR 5 EENEE TR YRS (FLas27~))
B9 77 ¥ AT LA IR $22 g [l S FORG B, — A E A
K S5 1) e K K sl U vk 5 B R A TR P RS
T BRAT 1R800 38 23 7 v 5 W) B RY (R 25 7 T AN
o ORI B K gl B TR] — B 25 o B 7
WokRlG, C 5 YIRS ST R 2B &
WHoe, EHEMEAR, HEZREMINTL S,
RIVRI FHBIL AR 27 > T3 1A D Rl 5 A R0 K il 15 ) 17
ik, Mk = ARG, BBLAR 7~ A A R R
IR Py PSR o LA AR IR S A S5, i 4R v
Py PR R A e 28 (AN RMURE ) 19 A 0K
FERAR e W B R R JEE . (EAS — R AR, mAR
Kt 9% B A B AR R ] AR G  JE ZS WUk, 3
SEIFANRER A BRI . A LU T2 K sl AR
— LG BRI X 0 A SRR, FE Bk
FUBE B BRI A B i S A\ S BAFTE ORI A, &
By BSR4 SO B2 ME LU T 808 SR 3l B8 77125
AR T B, 22 B0 T 500 K 3l 19 O ok ik
ZX AR BRI RERE ST, BEAR XG4 2R
Fror st Hon] g Bt A BR o A F AT R B2 i 28
P PERIREN AR Z IR OL T, BT REE KB Y
T SY SRR RS S, AWK, M
G, EARGERE, HAFHLEES SRS B, L
P& TH A WK 0 S S RS S5, AR BBORS JEE gl 41 %
MU A 28 TR K8 ™ i
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Progress of data—driven remotely sensed retrieval methods and products
on land surface evapotranspiration
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Abstract: Evapotranspiration (ET) links the water cycle and energy exchange in hydrosphere, atmosphere, and biosphere. From a global
perspective, ET accounts for approximately 60% of the total land precipitation, and the latent heat accompanying ET accounts for
approximately 80% of the total surface net radiation energy. With the development of eddy covariance technology, global long-term and
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continuous observed meteorological and flux data are publicly available online. In last decade, data-driven remotely sensed ET retrieval
methods have achieved rapid development. In terms of data-driven remotely sensed retrieval ET, this paper reviews and summarizes the
existing researches on empirical regression methods, machine learning methods, data fusion methods and their corresponding products, then
points out the existing problems and deficiencies on the driven data, retrieval methods, and available products. To be specific, these
problems include: (1) There are few data-driven remotely sensed ET products with high precision and high spatiotemporal resolution; (2) The
spatial scale mismatch between satellite pixel and in situ measurements makes the data-driven remotely sensed ET estimates challenging;
(3) The lack of physical mechanisms for the data-driven remotely sensed retrieval ET methods and the insufficient regional
representativeness for observed data from hundreds of sites, the spatial application of the ET model is limited; (4) Several important driving
factors of ET, such as land surface temperature and soil moisture, were not sufficiently considered in previous studies; (5) The energy
balance at flux measurement sites that based on eddy covariance method is not closed with about 0.8 unclosed rate globally, whether carry
out energy balance closure correction before modeling is still a controversy; (6) The partitioning between soil evaporation and vegetation
transpiration is of great significance, but the data-driven remotely sensed models that could estimate soil evaporation and vegetation
transpiration respectively were not well studied. In the era of big data, as a double-edged sword, data-driven approaches are not only
opportunities but also challenges, and several suggestions for future studies are proposed at the end. To begin with, the data-driven remotely
sensed retrieval ET methods with high spatiotemporal resolution should be proposed. The observed source area should be introduced into the
model constructing to solve the mismatch between satellite pixel and the measurements so as to improve the estimated ET accuracy. In
addition, some important information, such as land surface temperature and soil moisture, which has an important effect on ET process
should be taken into consideration effectively. Although vegetation index could indicate the long-term change of ET, land surface
temperature could better indicate its short-term change. At the same time, soil moisture deficit would produce water stress on ET. Effective
consideration of land surface temperature and soil moisture may improve the estimation accuracy of ET. Last but not least, it's important to
emphasize that data-driven empirical approaches will not replace process-driven physical models, but strongly supplement and enrich the ET
estimation methods. The combination of process-driven physical models and data-driven empirical approaches should be strengthened in
order to obtain more reliable and accurate ET estimation by remote sensing. One suggestion is that, in future studies, data-driven approaches
should be used to estimate important variables that closely related to ET but unavailable directly from remote sensing satellite at present,
then physical models could be used for ET estimation. So as to the two kinds of models can fully play their roles respectively, jointly
promote the research level of remotely sensed retrieval ET.
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