BDURE 4R (15 BB
Geomatics and Information Science of Wuhan University
ISSN 1671-8860,CN 42-1676/TN

LT

(RIUR AR (E BRARR)D) M E RIS

B - 22 YR 2R U A BT M R IR RS B Bl

= VPERE, 3RS, R, #ANE

WA H 4 2021-09-30

Mgk Hi: 2022-03-28

51 R VFEE, e, R, BRI, 2 TR ERR R A ST Hh R AR R R

HLVOL]. BRIBUKE AR5 BRI AR).
https://kns.cnki.net/kcms/detail/42.1676.TN.20220325.1753.002.html

@NKit s

www.cnki.net

PEER: (EgER TR, FtENF B R ER TSR ER. Hoefa. B0 e
B ERERBNACSHE, HIBSRTITF. EmAad AR, HERse e A e i i
TR CRIEM L LI HERUE R, AT AR . WIS . B e R R
FRAFE 45 W1 DUIL8) O e (0 ED R Sl Hh AR A B T S 1 o S e R X 468 1 R R N 2 L 2B & (il
SR FLAG) A T H B EE ) e FARI AR BA QIR RHEERGEE, FF 6
BRSO R, AAETE S AR AT g S HARZ AT s R ) 28 BB A & [ 5 R T
HAR R AR R, ERE MG —HEIE S 7 f9 87 AU BE 1R E T AL Mo B AR S
DR T E R 2% R i, SRR — kAT, MBSO SO H & . WU AR AR N 2%,
AL BT R R AT A B S B L

HERBA: 400 g 5 (P ESART OefBo) BraELGRARZY, £ (hHE
FARIAT (WD) R & LA S 40T T P9 25— B 4 i, DLE RS B A O 20, 7 B
W /TR SO s i HERCE R B e Ae . R R E AR (2RO ) 2 [ 58T H
PG FEL R TR 1) R 2% S S R H YD (ISSN 2096-4188, CN 11-6037/Z), Ft LAZS LI 3T (1 44 i J4 4 1
KRS IE AR



2022-03-28 16:55:40
https.//kns.cnki.net/kemg/detail/42.1676.TN.20220325.1753.002.html

5| AR

VPEE, @R, IR, 5B ZURHLRIE AL SO R SR RS BT EE ). DU R 2« A5 BB
JiX, 2022, DOI: 10.13203/j.whugis20210541 (Xu Huihui, GAO Meiling, LI Zhenhong, et al. The Accuracy Comparison
Of Near Surface Air Temperature Estimation Using Different Land Surface Temperature Sources [J].Geomatics and

Information Science of Wuhan University, 2022, DOI: 10.13203/j.whugis20210541)

Z RN REBEEEFE R RSIRABEXLE

_LEF%% 1,2 ]_‘qu ‘ 1237kj:)1_‘é 12,3 ﬁHHHEE 1,2,3
1 K2 KRR TRES ML, BEPE 754, 710054
2 K KE M5 TR RKBHRFF A0, BEFE 7%, 710054
3 VHERH IR ST TR B W E S E, BT 7%, 710054

OB mHRAE (ERSIE RSB BRREENE R — SRS
R 1T S 15 00 0 380 ) R 2 (RN AN 88, ik b 3 T P S50 &5 A Al B AR B i BRI
ORI 2 (B A A RO e HAT, O 2 MRR 7 b, (BT 07T
PP 22 Y581 2 Tk PR 5000 70 A5 BRI PR P B HG O R M o i), AR A
H Google Earth Engine ~F- & FIBEALARM L, T Landsat. MODIS. 4= 3KFdi [
¥ R4k 24t (Global Land Data Assimilation System, GLDAS) = fhHh 2 if %
PG Ak T BT AR R ) B KA B/ AMEFI P 5l O 43 B
T 2 RIR AR AR T SOE P . 45 R R 3 R B R A 5
HESRFYEN 2SRV W FRIEREMH, GLDAS &% {kF MODIS
A Landsats G5 (55 SRARE ORI T HASEAIRIOME: BAh, ik
PS8 VR RF 1) 43 2 2 0 25 R T A0 b 22 < 1 i 5K o At 7 7T IR AR
Pl AR R E S %

X217 : GLDAS; MODIS; Landsat; Hi3R¥H & ; IT 3K <R ; Google Earth Engine

ek - 2021-09-30

WE . R AR LS (42001382,42041006, 41941019), pemaitaifiemistittl (2021JQ-238,2020JQ-350); Kie kb s kedk

KRS HE Tz 4 (300102261108, 300102260301 Rca etk S (59339,

S—fEd: YRR, BibA, EEAENIREHNHs, huihui.xu@chd.edu.cn

Wi W%, L, yn, gaomeiling@chd.edu.cn



ll3

5l
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R PRSIk B 0 RIS 2 AT, B RY SHOE IS PRI

I 5 38 B AR AT R, BRI 22 (1 M 2 U P P W NS T AR, R IR
(Land Surface Temperature, LST) 52 [BI477E—5E R RIS, @K
SAG AR E I b 2 0 P 7 A SR A T2 T A T R I A A TR A AT
MODIS £ LST ™ fit s Al SR B FH ) V2 B 3 IR H0E , i Xu 26090,
Yuan 25071 Klong Z5U'817) 53 T MODIS LST 7 45 & HoAt A Bh A B £ 55 1
el i AL RN [ b XS AR o S5 T ERR B A SRR R
BHLUTF L3S 1) HE- A FEE0E (Temperature Vegetation Index, TVX) 19201
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Fig.1 The Study Area and the Distribution of In-Situ Stations
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R Rouh AR R A E KRR R D
(http://data.cma.cn) H [E [ < BB D EZE SR V3.0, ZEdRE S 1951 4F
1A Bk SO <k Al FKE. 28K MBS, KA Rud, HIE
I AR 0 om Ml B 5 0 B A, ASCRE 2 HAP AR His <l B
BRSO Al A 2 IR A3 AT A0 B 1 B . 25 R B Landsat 2040 1) 5 17
SRR o] J, AR SCKEARFAE 5 -9 HBERIE R S H ZRINRAE, B 7R (Y8 Dy
2003-2019 SERFAEE 2 THEAGAN S Gl SUCERT 7T [R)S0 ] P 1 3 2 <RSP 1
AR S IMEL RIS J KA, 20 5000 o 5 P i R bt 3 U 5 P DT R, 7E 2003-
2019 AL A 1315 25l a2 B0 10 Sk A b i Sl i A T o 28 R Al
SRR I R B BRI

1.2.2 Google Earth Engine

Google Earth Engine J&£8 g 5 b P 25 [R1 5548 . AH N R AT ARA A 20 B 11 55 e



JICALRT N AR 4% D = 1t 5P &5 SCRF JavaScript £ Python 2% . 21
P H 3 E B FEHAS Landsat 551 Sentinel -1/2. MODIS 1 ASTER £ T2 2 MLl
Bl , LAR — b T P R RIVE 2 IR . AR TN . HhBRPp BRI AL 2 2 0
HHE4E . Hansen S50V L% GEE S T A BRARMR A AL M0, FF /5 T GEE
Hu 2 R A SETT . 24, GEE Tl 2 I T A BRH B KIGFR . 317 X3 <
{5 AR A0 S AR DR AR, 2 & B AT 5T BT 7% Hudf 50K, GEE AR T A X 2 U5
s, TR KR EAE N R A A s 1), ELAH A 5K I S A B A AT R
PR b AR SO T A6~ 65 8 B Tt ek ) AU Ao R

1.2.3 HREEFELHHE

1) Landsat LST

HUR USGS $ At 7 5T 50l it 525 R /8 1 Landsat H0 3 I 72 7 fh

[ g

(Landsat Collection 2 Surface Temperature, https://www.usgs.gov/), 7= &2 B
THARBER o BRI AW 70 R A Wang S5 BT HE H 1) sz F P Sd e 55005, BE T Landsat
A BHE 454 NCEP H0Hi 83 (NCEP/NCAR Reanalysis Data, Water vapor)-
ASTED-GED b3 & S 5 508 I i 45 B R IR, O SER0AIE W 1207 vk SRS
B,

T 3 AT A B AR A K, H. Landsat $EE WA 16 K, %3 =E
w IR, BEE TR, NSRIUS AT R R AN B B AR, A
TN H =R NG 5 H-9 A o s Ttk 3 i FE BT 75 1 JR 4R (RAW)
AR R [T 2 (Surface Reflectance, SR) F.A% )M Landsat5. 7. 8 3KEX,
PRI ) 2390 16 R, 214 #F3 0N 30 me fEREIEFES, SR UG T
75 NDVIL, RAW SEAG SR At I8 Bt S8 s i (5 FH o 3 i 6 32 i >k B T+ ASTER
Global Emissivity Dataset 100-meter V003 34545, H=2[05#% N 100 m, HT
% Landsat #ERGTH: KRG /KEHIEKE T NCAR Reanalysis Data (4
f, HAFIRI RN 6 /NI, SR N 2.5° o



2) MODIS LST

2 #5456 % A ( Moderate-resolution Imaging Spectroradiometer ,
MODIS) ## T Terra fl Aqua FJE, 27T 1999 4FEH 2002 FF K55, FEMT
S ER SRR, o= i HF R 29 250 my 500 my 1000 m, HhFR G
il MOD11A1. MOD11A2. MYDI11Al. MYDI11A2 %,

MODI11Al 5 MYDI11A1 B[ 73 #8308 1 R, BRA B R 5GP Z 1)
MMAE: MODIIA2/MYDI11A2 M4 T ) MODI1AI/MYDI11Al &35, H
I IR) 23 HE 0 8 Ko DU IR BE = 35 R T U 4 R 81, 251
SRR 1 km, BB T SONIESLIY .

AR FEE 5 H-9 AR, f#H MODIS [ 8 K& A=, MODIS
AEHFD 8 KA ELIE L~ 5, Bl MYD11A2 (Aqua) 1 MOD11A2 (Terra),
A FLHET MOD11A2 Al MYD11A2 FEPUANEZIf) LST M IME e <Al
MR 8 R s 2 I P B i A2 RS 3 R I B B (¥ S R 240 R 1
I RUBE 77 it D] 2 78 o 50 A R ™ 6, 4 P AR E, T 8 KA it R IR
FEHE R H RE S AR T AT B G Bm sk EEE/NCSPL, 2) B Uit e o &
FS5SH9H, BRRERK.

3) GLDAS LST

S IR T HYE R 2498 (Global Land Data Assimilation System, GLDAS) &
HH 3% [E i S R SR (NASA) L 5% [ [ AR U BB (NOAA) BA K 36 [ PR35 il
bl (NCEP) BREHFRMBTHEIRRN RS, SRGMH T 2 Moeit kG
B, AR — RIKE TR G RIRAS S8, GLDAS H R it =AMhicA
f%dE4E, Bl GLDAS V2.0, GLDAS V2.1 BL K GLDAS V2.2, . GLDAS V2.1
I RYE A 2000 4E %24y, H AT LAE Google Earth Engine -G£ HH,
AR 7 GLDAS V2.1 S Ay 2 U B2 7= i, b 2305 B 7 2 8] 73 R ey
0.25° , I3 #EEy 3 /Nt



1.2.4 FHBhEIE

MR B 5 R A (98 RS2 TR 3 54k A SCIRI R IR2 i, anifgak
M. ANEL BEREEY, 456 CA RIS &, ASHE SR T REN LR AR
RS B30 b R SR 3 P R B R R R R R AL (EVD)., MR R

(Albedo). fHfE (Elevation). /¥ (Slope). N7 4RSS (Downward Short-
wave Radiation, DSR). 47K 484 (Downward Long-wave Radiation, DLR).
A3 (Wind Speed)  [% [ & (Rainfall)« A % f& (Population) LA 5 £ & (Longitude ) «
4if% (Latitude) FIEA} (Year).

H i SRR PR I ) ROBE AR RS, LA SR Bk PR A 16 R I G i
# MOD13A2, A7 ##3 4 1 km, BFAEIHEEN 16 K MR RIEEAER R B
MCD43A3 7=, HAS B HER Ty 500 m, BFEIZSHERA 16 K mfeddikE %
[ 25 i K 5 (NASAD #2445 [¥) ASTER Global Emissivity Dataset 100-meter 7= i1,
HZS 43PN 100 m; W E 2 s (NASA SRTM Digital Elevation) 11543
B, BEWE. RE. MK/ NSk E GLDAS V2.1 724, 2[5 ¥R N

0.25°, WFIEZ»#E2Ty 3 /NI N % FEEUE 77 i GPWv411 UN-Adjusted
Population Density $2fit, 5[0 73 ##3% N 1km, BFE3HRAN 5, SHEIARER
MG BWE 1 s,

R 1 FHBEEER

Tab.1 The Information of the Auxiliary Data Used in this Study

HBZE  WESHE ZRSPHER Bl R
EVI 16d 1 km MODI13A2
Albedo 16d 500 m MCD43A3
Elevation / 100 m ASTER Global Emissivity Dataset 100-meter VOO
Population Sa 1 km GPWv411 UN-Adjusted Population Density
Slope / 30 m NASA SRTM Digital Elevation 30m
Rainfall
Wind speed
3h 0.25° GLDAS V2.1
DLR

DSR
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Latitude /

Year
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PEHEAT =P IE G B RGBT FE I B B REAE 5 -9 X T4 B Ak i
HARE S H-9 ATFME, T MODIS LST. GLDASLST % Landsat LST, 4
ATHEARRA 5 H-9 AIPPFRIME. SOMERS/ME . il 6 50E A1 R IR 2,
TR NS T I — {3

R BERAR B i RO G ST FE TR Rl RIS TR T I R
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ZHESE, PR AR IRIRA ERANI ZR. EUIRBASIIZR, SR AL
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Fig.2 The Flowchart of the NSAT Estimation
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SRR A ()t 3 3 P 040 A B i 4k B R b R SR S A (B N RS
FS, AWFFSrHi% ] Landsat. MODIS A1 GLDAS = Fiith %6 5 B $m i, HoAlh
BN AR, £ 30m A1 1000 m PR RN Al BBt 2003-2019 SERFFEE

IR SRS ME, R A S AL 5l SOOI (SR I BT . HLp
LI E INE 2 PRI 1-6 FoR. R 2, ERFRUZET, WA R IR A
HARIRAE F IR R SRR E 2R (1. 3. SXFE, 24 4. 6 XL,

AR, b 2 A AN R R SR (R R SR A B R AR e
EAPFEMED 2SR, B4 30m A1 1000 m B R 23 5181 FH = Flrdth 2 35, 758 0305
VRGBT T 2 AR I KB e M, B SIRI0 1 B ke 2 WP 7-18 BT
L5 AT IR A [F)RE A R HE I8 T 3t 3R =R T 33 5 SR I T jox B, DL b
T Al AN R R ARG S 2 7 (AnsR5 1. 7. 8 X 30 m RUEEH Landsat
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Tab.2 The Experimental Design
LR MR R E IR Z B RE/m EESIRE LR AR
1 30 L 30 mean
Landsat LST EEME
2 1000 L 1000 mean
3 30 M 30 mean
MODIS LST FHME
4 1000 M 1000 _mean
5 30 G 30 _mean
GLDAS LST FHME
6 1000 G _1000_mean
7 A L_30_max
30
8 e /ME L 30 min
Landsat LST
9 S ON| L 1000 max
1000
10 wx/ME L 1000 _min
11 IZPNEN M 30 max
30
12 /M M 30 min
MODIS LST
13 =N M_1000 max
1000
14 e/ ME M_1000_min
15 =N G 30 max
30
16 e/ ME G_30_min
GLDAS LST
17 =N G_1000_max
1000
18 e/ ME G_1000_min
4 BERE5 ST

4.1 I RR BRI A SO R SR T3 E KRS B LE

3 B TASE R IR FEBEETR (Landsat LST. MODIS LST. GLDAS LST)
7£30m (L 30 mean. M 30 mean. G 30 mean), £11000 m (L 1000 mean.
M_1000_mean. G_1000_mean) Ffhi%E-F¥MAK RMSE. MAE #1 R*. HI5&



3T, BRI S, =M IR R R PR R Al AR B B R T
EH TR, W 5IARA L, 3738 IR UE S5 R R HTE S
[f] OB SA 30 m B, GLDAS. Landsat A1 MODIS = Fftith 2% I & B YA 515 27
SRS EIME G R2 43714 0.988. 0.984 F10.986, RMSE 4374 0.46 K. 0.52 K Al
0.48 K, MAE 437’4 036 K. 0.42K 1 0.40 K. GLDAS LST it 545 2 <35 T
{EAS FEmS v, 2 N A 2 GLDAS LST BARZS [F] /3 Mk Ak, (2 BAT m it
B0 3R, W] ISR R B R IR 1A B, AR IR A SRR T
AR BT . TBIeR 30m RUET, 82 1000m RET, AFMRIEE
KR IR A SR IIME XS  RMSE. MAE #1 R #1280/ (RMSE 1 MAE A2
£ 0.10K 4, RIAHZEAE 0.005 LA Bk, RT3 E BIAN 50K FE 52 Hh 3R I B
BRI R /) s =P b 2 IR P B R A S 45 SR R> JA7E 0.98 DAL, FEFER &
BEAh, TR R SO ARG, AR T ANl S ARARER B AR B T i R SR
PPAGRERE , AT Rede RN RS FE VP B I i — B IR 2, X AT AR AN [ 2% A) R
FE RS FEAR A — A R E A
* 3 =MHREEEEEIEMNESEFIERRBEX
Tab.3 The Comparison of the Observed NSAT and Estimated NSAT Based on LST from

Different Sources in Different Scales

LR T RMSE/(K) MAE/(K) R
G_30_mean 0.46 0.36 0.988
L 30_mean 0.52 0.42 0.984
M 30 mean 0.48 0.40 0.986
G_1000_mean 0.46 0.37 0.988
L 1000 _mean 0.52 0.42 0.984
M_1000_mean 0.49 0.40 0.986

4.2 A FIHRIR AR A HO R SRR AR R R LR

DI 2 B A FEAS Rt R R (B R 2RO E . U IME
AR EMED RS REZESR, SEI 0 Rl BCE AR B RE T, A F R IR B 5



PEVE 3 JAG S IE ) B¢ /ME (L_30_min. L_1000_min.M_30_min.M_1000_min.
G_30_min. G_1000_min) 5# KfE (L_30_max. L_1000_max. M_30_max.
M_1000_max. G_30 _max. G_1000 max) . 7F /s (e R = Fth 2 06 B 4k
PEI A R AR MA . B ORAE RS EEXS Ee ik 4 A3 5 PR .
R 4 =FHURIR B BRI AL R B/ IMERE B E
Tab.4 The Comparison Between the Observed Minimum NSAT and the Estimated

Minimum NSAT Based on LST from Different Sources

WS RMSE/(K) MAE/(K) R’
G_30_min 1.44 1.12 0.873
L 30 min 1.56 1.21 0.857
M _30_min 1.58 1.23 0.848
G 1000 min 1.46 1.13 0.872
L_1000_min 1.57 1.23 0.849
M 1000 min 1.57 1.23 0.852

HEE 4 AT W, 7£ 30 m ZF[ARE T, GLDAS LST. Landsat LST 1 MODIS
LST fi &R /MESE R H R? 20518 0.873. 0.857 1 0.848, RMSE 4374 1.44
K. 1.56 K 1 1.58 K, MAE 434 1.12K. 121K f11.23K; 7E 1000 m =5 [a] ]}
J¥F, GLDASLST. Landsat LST il MODIS LST fi 5.5 iR e /IME A3 2 1) R? 433
4 0.872. 0.849 F10.852, RMSE 437~ 1.46 K. 1.57 K 1 1.57 K, MAE 4354
113K, 1.23K Al 1.23K. AT I, T 30m L& 1000m X, GLDASLST
i B AR B IME RS FE AR 8y . IX AT BE 2 T MODIS 1 Landsat #3835 FE %k
P A 1) 43 A XA, 1 GLDAS LST IR A3 3F 3 3 /i, IR 1 H
WAL L 2%, (Rl MODIS LST Al Landsat LST ¥V % B 25 B (i Hh 6 45 5
AR L, 1 GLDAS LST HH T[] 43 #% 28 AH X552 v T R 4 1) 4 0 A K
FWE, WAL H AR 23 H Lk MODIS LST 1 Landsat LST 5 = (174
.
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Tab.S The Comparison Between the Observed Maximum NSAT and the Estimated

Maximum NSAT Based on LST from Different Sources

WS RMSE/(K) MAE/(K) R’
G_30_max 1.23 0.97 0.926
L 30 max 1.33 1.04 0.915
M_30_max 1.33 1.04 0.913

G_1000_max 1.20 0.95 0.930
L_1000_max 1.35 1.06 0.907
M 1000 max 1.29 1.01 0.920

L 5 AJ0, 7E 30 m 2 [EEE T, GLDAS LST. Landsat LST A1 MODIS
LST fhi 5 iR RAER I R? 40518 0.926. 0.915 F1 0.913, F RMSE 4514
123 K. 1.33 K1 1.33 K; ££ 1000 m Z¥[A] REE N, = Ffh 2 I B8 B4 VAl 3 <
T RAE R R 439014 0.930. 0.907 A1 0.920, H RMSE 4518 1.20 K. 1.35K Al
1.29 K. AJ WAE P Al 55 RUE A 5B ORME, GLDASLST 187 MODIS LST
A1 Landsat LST, 54l B /MER 1458 — 8. thoh, xrte3k 3-% 5, al i,
HR GLDAS LST fli R B KB« s/ ME RSP SME RO B i, (R A
SURFI8{H, GLDAS LST 76 IR E il 5 o R34 3 n 2. 2% .

3 % Ll T =Pt 2 i P S Ay B IR I P 38 A /M AR i KA s FE 22
Fto M3 AT, = FhAS [F KU Y 1 2 T B R AE 30 m AT 1000 m P A 2 ]
JEE A SR SR kG FE 380 8 T SRR e M A R AL (R 2 . PTIL, 5
il 5 B SRR R RN S /IMEL R L, =R bt 2 T R S R A4 SR T Y M PR RS P B
= (RMSE 2/ T 0.60 KD: HANR RS KERREE (RMSE /M 1.40 KD =
TGS IR R /MERMSE £ 1.60 K ) K JE
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Fig .3 The Accuracy of the Mean, Maximum and Minimum NSAT Based on LST from Each

Source
4.3 AFMFREFLEMA LR[BS ENTZRER

SRR 22 Y8 b R P A5 A BN RV b R SR N R E ) S ) A0 AR 2 5, ST
TR SIGUE IR, B 4 R T =R R IR R IRTE 1000 m 2 (AR BE T Al
AR IR ZE R 0T . A da-i AT, BRI S, R ZEHBOR I3 2 o A
FE BT AT AT FR) V8 v A A e DXORT i ST U A X 4o %Al s it BRI BB P R 22
orAyE FEAE 0.23 K-1.00 K 22 [8], AR AE 1% 22 70 A i B oK T S R 22 Ve
SIRFHRAE B/ MER MAE 4) HI7E 0.53 K-2.10 K #1 0.65 K-2.10 K 2 [f], i
RARBMEE R R . fe/ME, GLDAS LST {545 B i 25N ok S B &
RE LR AR LST B IEAL H A2 R R

M 4a-c Pzl 501 S8 1R 22 50 41 AT WL, GLDAS LST H1 Landsat LST
G B IR 1R 22 2% 1R 22 S A 2, AE RIS T S AN g SRR 22 R, i
H ) X IgR Z 87 MODIS LST fili 543 210 R EH MAE K/NEZS 8] 43 A1
EECNIA] . MA, GLDAS. Landsat 1 MODIS = 2 i B2 H s il <R
BIEI MAE 7£ 0.40 K PLA B3G5 5 EE 2008 62.03%. 48.10%. 48.10%. fFE4F
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Fig. 4 The spatial distribution of MAE for each meteorological station
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Fig.5 The RMSEs Between the Estimated NSAT and the Observed NSAT When Using the
Sampled GLDAS LST

K 5 Ao AR R T GLDAS #dfs BRGNS (8] 7p #E28 (3h) I 1< Al 545
F, 8d Ml 16d FTARFRMIFE S BN MR 6 HbriE T 8 day Fil 16 day FIXTREL. F#
FHHIFER BB, Bl Y GLDAS LST 04 i [ 0 #F R A%, TEitaxt T
TERNE . R/AMEERFIME, JeT 358 XRAER 45 R K], GLDAS LST
EAR B URME RMSE B A i FH b 22 5 R 2500 iF 18] 23 9 2 1 BRI T 184K
HIKS BEZ TR, HLIB 5 BBk B AR RARE LU R . R, A5
AL, B 5 2 [R) 3 P2 — SRS TR T 5 I 1) 23 3 bk sy, Ay B8 Ul R Ty

5.2 HHBhA B ENIT R BTN KN

FEARWEF A, 2 FRKISEKRE (7-18) 1, EMEITMERERKES
B /MBI, 30 R FE 53 39 B B B RAE 5 B /IME , {E 4 B8 & (EVIL Albedo Rainfall|
Wind speed. DLR. DSR) ¢ B35 5 1l S-F- X (B IS AH IR o A3 0ty B0 Ul A0 A1 P 4 )
BRI TFIMERLT A, Bl 1000 m 2 REET, GLDAS LST Jyhi i %
PEIRAS S I AR B, 43 )V B DA = 4 S0 SRt Ll B AR B 12 BB o il b 3R
AR AE AL SAS BE SR . a: HOARIR EE AR BN AR B BN RORME: b HIRIR
FEWE N E, HBVEERE N FHME: o HREEEIESHTESRE
T SRR 6 fis.



& 6 HBIZREANFRE TAESIESRKEREEX
Fig.6 The Accuracy of the Estimated Maximum NSAT with the Different Settings of
Auxiliary Variables
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The Accuracy Comparison of Near Surface Air Temperature Estimation

Using Different Land Surface Temperature Sources

XU Huihui'? GAO Meiling!*3 LI Zhenhong'**HU Yufeng!->
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Abstract: Objectives: Near surface air temperature (NSAT) is a key parameter in the

land-atmosphere interaction process. Sparse NSAT observations from in-situ stations

usually cannot fully describe the spatial distribution of NSAT, so estimating NSAT by

land surface temperature (LST) and auxiliary variables has become an effective

approach to obtain the spatial distribution of NSAT. Although there are some multi-

source LST products published, i.e., the LST from MODIS, Landsat, and Global Land

Data Assimilation System (GLDAS), the applicability of each LST product in NSAT

estimation still needs further investigation. Methods: Taken Yellow River Basin as the

study region, summer NSAT from 2003 to 2019 was estimated based on the GEE

(Google Earth Engine) platform with RF (Random Forest) algorithm in this study, and



the mean, maximum and minimum NSAT was estimated in two scales (i.e., 30-m and
1000-m) using three LST data sources (Landsat, MODIS and GLDAS). The observed
LST from in-situ stations over Yellow River Basin Region were compared with the
estimated NSAT by the ten-cross validation method to evaluate the accuracy of different
LST sources when estimating NSAT. Results: The results indicate that: 1) In terms of
mean NSAT, the differences of accuracy of the three LST sources are small. 2) In terms
of the maximum and minimum NSAT, the GLDAS LST shows the significant higher
accuracy than MODIS and Landsat LST. 3) The RMSEs of estimated mean NSAT are
smaller than maximum and minimum NSAT estimation when using the same LST
source. 4) For the spatial distribution of accuracy, the stations with higher error mainly
located in the southern or western of the study region. Conclusions: The temporal
resolution of LST source is significantly important in NSAT estimation. The GLDAS
LST shows the highest accuracy in this study especially for extreme NSAT estimation.
Besides, the mean NSAT estimation has higher accuracy than that of maximum or
minimum NSAT for each LST source.
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