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On the Correction of Near-Surface Turbulent Fluxes over a
Farmland Based on Machine Learning Methods
LIU Zhenrong?, LI Yubin**, WANG Hong!, LIU Xinye?, Gao Zhigiu*

1.School of Atmospheric Physics, Nanjing University of Information Science and Technology, Nanjing 210044
2. Meteorological Bureau of Tonglu County, Hangzhou City, Zhejiang Province, Tonglu, 311500

Abstract: Turbulent fluxes in the surface layer are significant variables that characterize the interaction
between the land and the atmosphere, which are typically calculated based on the Monin-Obukhov
Similarity Theory (MOST) in gradient observations or atmospheric numerical models. To further enhance
the calculational accuracy of turbulent fluxes in the surface layer, in this paper, the turbulent fluxes derived
from the MOST are corrected by Random Forest and XGBoost, with fluxes obtained by the eddy
covariance method as reference values, which significantly improves the calculational accuracy of the
temperature scale and moisture scale. In order to reduce the number of input variables, this study further
performs forward and backward variable selection on the input variables. The optimal combinations of
input variables after selecting still maintain a high level of computational accuracy. Furthermore, when the
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selected combinations of input variables are applied to the artificial neural network, their computational ac
curacy also show a significant improvement in comparison with the results of MOST. Therefore, the
variable selection method of input variables is crucial for the machine learning method.

Keywords Surface layer, Turbulent fluxes, Machine learning, Monin-Obukhov Similarity Theory,
Variable Selection.
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1. 5]

WM S A B RGRRIE PG B IR R R G e B AR R, T IR B HER T S
iy - SR LA FOBE DU RIE 78 00 EE A, R KB S U R A 5 B R R TR AN A TR 110 B AT 2
(Bourassa et al, 2013; Biermann et al, 2014; Helbig et al, 2021; Vilaet al, 2023; Jiang et al, 2024; %
W, 2017) o FEN A IE ST VR, B AH O R H BRI i K S0 T A A A A d T SR T
% (Baldocchi, 2003; /™ #%5%; 2018; Liu, 2023) , 4 af t Sk 44 @ &M K (41 ChinaFlux,
AmeriFlux 55 B AR T AR 77 %, (B LR BRPEAE TS & S DASELR AR 76 . Utk
A, it VLI B I R TR S A O R O 0 R B BEA SR AR AL FE S (MOST) 1 A5 2
(Dethloff et al,2021; Gryanik, 2021;Schneider et al, 2022) . MOST i Monin F 1954 352 H, %77
TRAE I SR T I RUER 2 T BOR A Bl 2. B TR B IR G R R, T R AR It 2%
PETRREE-FRACC R, RIBESOE T 5 KGR FR A OC R« RRAE TR 5 10 B0 2 11 9% 3 DL ARFAE LL
EIRERZMICR (Monin, 1954) . FaE EBIEE Ryl BD J7F2 (Businger, 1967; Dyer,
19700 MIEA N T, AR 2R 18 &4 (Paulson,1970; Webb,1970; Businger, 1971;
Dyer 1974; H&gstram, 1988) A /E (Holtslag et al, 1988; Cheng and Brutsaert, 2005) . H i,
HUE A28 MOST J7iih HliiatilE & (Sfyri, 2018; Finnigan, 20200 . #&1fi MOST &7k
SR EARMRL, AEARY —HOE T RE AR RE, BhAh, NI AR — PRI T MOST
TH B B PR B AT P B GV R R BE R T AR (RIS R, 20100 o JFH, BITTARTE
MOST 5]t R, FE B4 NET MOST 1A EEIE S B INE 2 [0 A K 2 7
(Newman and Klein, 2014) . EE 7L H, MOST 2% RE I Jay HhAr T AF F s 7 38 & ) 52
(Tong A1 Nguyen, 2015) , 1fiJ§ H L)z LA vl GeXT I 2 i A5 A EZ gk (Li et al,
2018) , mIEHIZhEFRIFEN AR EShEA LW (RN, 2020) . RTINS N (2021) @i K
T 7T 3 B Al U B o0 i il B B R AR DT . AR TR B, AR A g Gl B AE B AN
ARERS W] BOSCE R R BT AL (XIMS K, 20105 f&-F, 2012) .

BEE N TEBEBORIIAE, HLas5E 5 i H e miid B A v 5L 43 2N H] . McCandless 4%
N (2022) HeF EEWNE AR E 1 BEHUARMRANRRZ W 2L a2 SRR, it Simin s . A
EE ARG MOST J7i%, X SeRY 7 BRI il B (s B2 _EIS 1 B35 4R TE. Wulfmeyer 45 A
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(2022) WH5E 7 HIAARER LN BmfiE &, 8 XGBoost % ZREANIUAL. ATy,
MRS, AT AR R R AT RS . Yu A (2023) NI FHBEALAR AR UK [
FOETEIL TR S, @ IRERSEUL T R, BEEIK TR RZE.

E R AL A% 2 ST 1E S i v 38 B T SRS B 5 1 R B €, (B [RI L 2 27 STAB TR 1) o ff FEE AR A
AN, I HALES A S BERAS [F) firN AR B BRIt v R BT . B TR SRR MR M
TN KA Fae eSS, KRB MTER A2 (1) F 2 B IEg b, 3k S 8o
JE T R PR AR 2R M AR AN o R B0 2 [ R T Y A it S R P R DR ) AT Ak I R R
KE, BEHLARMA XGBoost & HLIKIALAS 2 SIS USRS, FEHURRFF 2 A8 I 5 BLAE [R1 )5 7]
R R T B SR E R T R, AR R s AR A A e AR SR &
Z I AR A OC &R, LR T L B U S 2 LRI B R (MceCandless, 2022; Wulfmeyer,
2023) . Pk, ASCIEE T BENLARMK (Random Forest: RF) 1 XGBoost ( XGB) iX A AL x4l
5 S s S R R UER AR EAT T 00T, JFEET RFE A1 XGB BAIX AN EHAT T 5
AR PR, AL T LB IR NS AL, SEEL T TR R T T R NS R AR A
PTG a4 e, RISGHEAE AN AL BB N BINLEE 52 SO AL, B IE RUR et 1 A8 AR 9 5
—EE, PR TSN RERESE - NRE MRS R, DS IESCR S A
&, DLEHE, KRR ERA R E BT, MR ERRE S MR, RIS
B AN AR B TR B B HE T

AR E B BRI Cus(m/s)s BRAEIRE (T«(K)) FURFAELLIR (ge(g/kg)) BEATRISL, X =
oy R R AT A BB A B E BRI OB R AR R, KON T T U I B I
FEo RSO N =30, B DU BIAR SR T S R RO BE | ARFAE iR B8 FREAIE L iR
ZEHME, SRR ER. B, TIEREESHMAREME RF 1 XGB il & v H AR,
X MOST THRU I BE BRI . FRAE IS FRRAE LU AT HERR T IE . 28 80 AR T AL a8 2] i A
{1 it VL 368 A N\ AR BRI T, ARA SR X B — A A NS B A T T RF R XGB B8 AT
Hi . JEIAAR R, TSR ERATRE R, SRR LEA S, F =0 vmALE
HEIERAMELTE, 4 RF R XGB MU AR A A T 58 =AML LA % S B N\ T4
W& CArtificial Neural Network, NN) , XJ2 #0405 4 A\ A2 & 4H & 34T 56HIE .

2. BRI *

2.1 R UG R AR

AHIEFT R 2k i L T 2 R A Bl E U PR & (32.42N, 116.76E) , iz flifE
27K, FRECHKRE, BHE L () TR, N T EREEE, TER L EAEES N0,
T FME K, ISR RY) 10 & 40 KAV M, 90 K24 NS iE MGz, (2
BRREMABAYIA . STIRERHRATIT, FREFA SR goe EIER, & it

3
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WA B B R, AuifUkH 11 A% 5 H FAERK/NE, Ml 6 HE 11 AEK
KHG. HET 2015 4% 2017 ERSTHIIINAS B, /N2 M FD A el e), He KA K mifE4 oy 86
JEK s AKFELEAR R AE K B A B2y 148 JHOK . BFFUR A 7 il s 2018 4F 1 H 1 H % 2019 4F
4 H 24 Il s 50E . SRR SR AR R

FE AL B A 2 IR AHOG (EC) RGUWIN My A =4 A G# . R KV, ATETIR
AR E B 30 HEhmiEE . EC REEHE — G = 4E S XUE X (CSAT3A, Campbell
Scientific Incorporation, USA) Fl—A> CO/H,0 FFEELL AN AR5 Hr{ (EC 150, Campbell Scientific
Incorporation, USA) AUZRSEEE Y 2.5 K, KA 10HZ. FEIRBIAHK RG ML sMEA —A
IR E ALK EE (109, Campbell Scientific Incorporation, USA) Fl i3 < JE A% & %s (PTB110,Vaisala,
Inc, Helsinki, Finland) , 3§ H] CR3000 ¥ KA 2% LA AIHZ S EAT KA o L0 3 08 i) 82 iR A
SR T KR S BRI .

a) (b)
33°N ~ e /
AL VN T R 150
[N U L/
3a°N N N ™M N
4 { A : 75
o "
3N ~ 11676 "€ 3242°8  §__#M\ )
o A " v .
32°N Shou xian site £ : ,E_ 0
do JF M & >
31°N ' TN
/ T2 75
30°N s W P )
~/'E i \ -~
29°N : X '15?150
114%E 116°E 118°E 120%€ 122°€
(c (d)

K1 () WRFcsiqisa s, (b s DEME, (o @R () BEES
Figure 1 Geographic location of the research site (a); satellite map of the site (b); the flux tower (c) and the gradient tower (d)

GBI AR K R AXREE. AR BEKEEELER, PR RS IR R AL
(HMP155A, Vaisala, Incorporation, Helsinki, Finland) . X i {4 /& %% (010C, Met One
Incorporation., USA) . K [af£ /2% (020C, Met One Inc., USA) Fl— [ 20 K AUHE 4
B, 20 KEREEESAZ T EC WEELAVE 5 K4k, VEWE 1 (d) o EBEE 2 K. 5 K. 10
Ko 15 K\ 20 KAy 42 B A U I FE A% A AT KU AR R T 10 SK AL 22 e — AN KU K
o Hoh 5 OKAL Y RH AL B AIN 7R R A BE R FLHERR o S s R R T DU o) R
it (CNR-4, Kipp & Zonen B.V., Delft, the Netherlands) , iZ%i&# 23 mE N 1.5 K. H R IR E
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20 A1 iR B A% K %% (SI1-111, Campbell Scientific Incorporation, USA) Ml &, [FIFEZ3E4 1.5
KO . O S LGl B R, ROl T A/ R Sem IRAL
PIEE AL (HFPO1 heat flux plates, Hukseflux Thermal Sensors) HEAT MM, 3583 FF py 22 2 7F 4 e
2cm A1 8cm i 35k LB T R4 I B AL S (TCAV, Campbell Scientific Incorporation, USA) i
ITINE . DL ER SRR T s R R T R CR3000 #dliRkAEARLL 1HZ FISA KA,

HALZE R DL 0.1HZ MMIF RE, RETHFLL 30 o8P . KR b8 UW &1t
(52202, Young Traverse City MI, USA) &, % LA 30 738h Rt &M k. ASCHMINEL
AT 1, R ORI 4 RS S WA 2, AFEA NN EY (@) WE, ()

MXHEEE . (o) KGE. d) KA (o) Sk

(@)

20 —

100 {p
75
50

25

(<)
7.5

5.0 H

2.5

Wind Speed(m/s) Relative Humidity(%) Temperature(”C)

0.0 =

()
300 -

200 —

100 —

Wind Direction( ")

0

1040 —{e)

1020 —
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1000

T T T T T
2018/1/1 2018/4/1 2018/8/1  2018/12/12019/4/1

2 FF BN A A MR R s, AR (0 B, (b MXHBE. (o K. (D) R,
(e) K J&
Figure 2: Atmospheric background field at Shouxian station during the observation period: 6-hour average (a) Temperature;
(b) Relative humidity; (c) Wind speed; (d) Wind direction and (e) Air pressure
AT FORS B T AT 1 BE AL, SR EREF AL MR A (ks B oy SUE D

FHOERIKRET S5 1 /N E#ESE (Liu |, 2020; Li, 2023; Zhao, 2023) , I H fiift £ k4T 1
AW T e % ST R M A 56 25 R %5 ) (Foken,2004; Li, 2023) o 78 A3 T g B X Bl 4 R H s o
T, McCandless %5 A (2022)ff ML 2] 75t 5 7w il i, 48 B W0 AE 2 I8 (1 AH DG A1
(RZ/NF 03) o [k, ALERBEAEAREY (Rib, © X WL, HRELHFT 7 REIK
2, 7o RS E) WHURIATR E B SRR M = I TR B, Hordr, Rib<0 AT 8 1
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W, Rib>0 MFaE &L (Launiainen, 1995; Li, 2010; Yu, 2023) . 15 A PGS0 I s 9 LA 12
M S M R AR B AT T KT 4 b ZE i R A AR, SRS HEAT T 2 /NP3, 3 BLAg e S0l
(24 /N P Y B0 43 ) 5 = it AR AT TR ) A UTAD, AR E AR E A LR I B
JE£ 2 A e 5L W I B B 433l A 13403 Al 2351, REAE L E % 02 e S A £ & 43S 11080 AN
2047, FFAELGE R g e SOV INECHE 553y 11151 Fi1 1642,

i [ < )-T(2 )]( z)
[T@)T(@)][u()-u()]

A3 2.0 BRI AR B LR 2.

BEAt,  ASSGEAE R il AH SRR ) EEAGE BE MRFAE IR BA K. 2m A 15m (IR FEEXT MOST &
MREESH G GHEARNTRE 2.2) #7HE, KIS Rib B0 Lgit, w0 FE, Rib
¢ R RasE A A RaoE FEI A RESE 42— 8 34 Rib <0 B, ¢ >0 MIBELLBIA 37%; Rib>0
i, ¢ <0 MHE LG 7%, BIARRER Rib 5 ¢ FR/NTF 0 MI1E6 5 63%, FuE By —L,
FIE KT 0 TSNS 93%. Rib 5 ¢ # 5 A—8 M EHE A 1) ANRahim (Mahrt, 2007,
Durden, 2013); 2) WEMNM ARG —BG=ERRE (Litt, 2015), ERsIAHSWME, & TS
H T-Aroe (W5 2.2), B¢ M Rib MRS A—80, NERIETHER&EME, A0 T8
0.

2.1)

z-d 2(z- d)KgT

C=—1= (2.2)
L [T(z)+T(z)]u?
3 (2.2) RN AR LR 2.
(a) Rib<0 unstable (b) Rib>0 stable
0 .‘m_———.— 500
RE a1, . 1
. 2%
—100 A LI { 400 A |
~200 1 .'ll 300 A :
e - o
[ I [ I
-300 1 q 200 1 1
d |
-400 | 100 U
i I,
-500 A—— 0 et el
—-400 -200 0 200 400 —-400 -200 0 200 400
g g

K3 (a) AEEM (b) FRERHLT Rib sl v 5 & xf ke
Figure 3 Comparison between Rib and vortex observation calculation of £ under (a) unstable and (b) stable conditions



164 R 1IFAZE RUFRNTET IHZ KFEAZERBRESIN EET MOST HEER) Sl Bir GRBIERE

165 WHEMRRER) 8
166 Tablel The description of input variables (slow response observations of conventional elements with frequencies
167 less than or equal to 1 Hz and MOST calculation results) and output targets (turbulent fluxes calculated by the eddy
168 covariance method)
. o M W B N
BB =R MBI s ot MR
+(0.226-0.0028*T) °C
1R (°C) T2, Ts, Tao, in -80 ~ +20°C
Temperature 2,5,10,15,20 Tis, Too 14.40,14.80,14.60,14.90,14.97 +(0.055+0.0057%T) °C
in +20 ~ +60°C
+(1.4+0.032*RH) %
in -60 ~ -40%
+(1.2+0.012*RH) %
4 RH2, RHs .
AR E (%) Pl in -40 ~ -20%
Relative Humidity 2,5,10,15,20 RHRH}%_| 81.46,78.46,76.69,71.82, 73.76 -+(1+0.008*RH) %
1o, 20 in -20 ~ +40%
+(1.2+0.012*RH) %
in +40 ~ 60%
JRE(m/s) Ws2, Ws1o, 0
Wind Speed 2,10,15,20 Wszs, Ws2o 1.67,2.40,2.63,2.82 +1%
JAJi1(Deg) 0
Wind Direction 10 Woro 14158 3%
Hu R FE(°C) £0.2°C in -10°C ~ 65°C
Surface Temperature P Tst 14.42 +0.5°C in -40°C~70°C
El =] o,
LI FL(°C) 2-8(cm) Tl 14.33 40.3°C
Soil Temperature
- HHE R (W/m?) ‘ .
Soil Heat Flux 5(cm) Hsoil -0.54 +3%
te)_E AR AR R (WIm?)
LIPSy Outgoing Longwave 1.5 Ruwout 875.91 5~ 154V W m?
Radiation
I AR A (W/m?)
ingoing Longwave 15 Ruwin 841.56 5~ 154V W m?
Radiation
te)_F R B A (WIm?)
Outgoing Shortwave 15 Rswout 31.84 5~ 20uV W1 m?
Radiation
[7) A AR A (WIm?)
Ingoing Shortwave 15 Rswin 153.45 5~ 20uV W1 m?
Radiation
MOST JE#5 FE (m/s) 2-15 UsMo 0.15 -
MOST H#1iEFE (°C) 2-15 T+mo -0.08 -
MOST #HF1iE LI (g/kg) 2-15 g*mo -0.28 -
MOST &} ISR
Fasi I IE B 1 s Y1 191185 ]
MOST & 7E FE 25 15 e -0.005 -
/r%iﬂ@%ﬁf%f(m/s) 2.5 U*ec 0.21 ufllv: +0.04ms?
ot BRI 2 (°C) 25 Teec -0.08 w: +0.02 mm s
it H b ‘ ‘ Te: £0.025°C
RBHEFIEELIE (g/k) 2.5 O*ec -0.14 H,0: <2%
169
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2.2 MOST 7%

ASCAEHPE 2m A 15m) K. R SRR IESE 5 A FRGE B O T Paulson T 1970 442
R E B IE R (Paulson,1970, ASCFRA Pa70) , LUK FaE Rt F Cheng A Brutsaert T+ 2005
P E 5 1E K%L (Cheng and Brutsaert, 2005, A< FRJy Chen05) ,  7E T 1y & 8 &5 ¥ 1) &
fiti b, K. RRERZTRE (23) - (2.5) WEA ROWN s AR 7 B AT A5 B BE SRR L RpAE IR REAN
FRAEHIR A7 2. Pa70 M1 Chen05 J7 SRAEBE AL 2, Pa70 5 BD 7ifeiEl—3, HAR
WA, HEARFERBO AR (Chen, 2023) , Chen05 J& 4t Fa e 5 T Bl i i1 77 %,
HAER BRI N BCNUHER (Guo and Zhang, 2007; Jiménez, 2012) . i TiEHGE it 184 2% Him

BRREAE LU R, A B AT i A R R A TE BT L, BRI =4, Wy =¥, . WA
Fr RN BV AT 3 2.

oz kz @3)
ﬁT T
ke @4)
a_ q* 2.5)
oz
_ K[u(zz)—u(zl)] 26)
| 29 v (Zz_djﬂ// (zl—d)
z,—d "L L "L
T(z,)-T
- K[ (z.) (21)] 27)
[ 24 y (zz—dj+ (zl—d)
z-d) ""U L "L
K[q(zz)—q(zl)]
0. (2.8)
| 224 " (zz—d}r (Zl_dj
z,—d UL L
L:[T( )+ ( 2)] * 2.9)
2rkgT.
e OL T E R B Pa70 15N
L
h=(1-Ag) " (2.10)
1
4 =R(1-AC)?2 (2.11)
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5

wh(§>=2ln(“7yj

(2.12)

(2.13)

1 1
Hrpix=(1-AL) . Y=RA-AL)2, &TRFFEEMBMTNE 2. FREHIFH P70 7%
RS 200 WL MR e MR X Kerang MU . J6LFE . 208 BHAI B 1L ) 0L 25

B, WS EEEAN 16 2K (Swinbank, 1964; Paulson, 1970) . Pa70 J5 Z& 75 BuE i v il 7 vz 46

(Chen, 2023) .

R 2HEARPEFRRRIH

Table2 Explanation of each letter in the calculation formulas

i} X FhRER X FhE X
TR TR FKoR
u. B P P A, 16 z WMEE (z1=2m,
(Pa70 /7 EohER e EIEIERESED 2,=15m)
T. IR A 16 L WATE KK E
(Pa70 /7 ZHEREEEIERESED
Q. FRE L R 1 K RREHH, B 0.4
(Pa70 7 EHhEREEEIERESED
u SR E a0 6.1 ¢ REESH
(Chen05 77 Zah & B HE B IERES
Q)
T SEHE bo 25 q' beiR Rk g
(Chen05 77 Zah & B FE B IERE S
Q)
q PG Co 5.3 T W5 ik AN
(Chen05 77 ZIEF B EIBIER S
Q)
g BN, do 1.1 w' HRIRATR R z T )
9.8m/s (Chen05 77 £ B EFEBIERES HGE K BIE
9)

d BFEMLE 4, REUEBERK (mhosiiEsEE o

HARARARR 2 X BT

B HGE R AR S
20 WEEEE oy, R I IE B B Vi ERRAERRR y BT
BUER Sk
FaE 1L N8 A 1) Chen05 5 %4
by
C+EP (1440
¢, =1+a, T (2.14)
£+(1+C™ )
( 1-dy
CH+EP (1440 ) b
% =1+c, 2 (2.15)
+(14¢%)%
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218

219
220

221
222

223

224

225

226

&l

J (2.16)

J 2.17)

DA RN BRI AT L2 2. FROEIEUL FRI Chen05 77 247 & S M ML 0 ok F 3 [H
Lenon, Kansas ftiz—/ 60 K& LRI, ZibfEmgyic b, ki 4 (Cheng and Brutsaert,
2005) . fHELT BD J7#%, Chen05 J7%fzii 7 ¥ MS 4, KRIIEHAERERH LT HTHE S R
FONWER (Guo and Zhang, 2007; Jiménez et al, 2012) .

AR5 e BE b W B R A AL AR, ASCEREAN AR L RIER AT -
0.5<Rib<0.5) [HiHaNEELERE, 454 2m A1 15m (FRGE, (S REL O5fE 2.18) Bl —i5—&
Jr R SR P A A A RS, i TP AR A T MOST iHRlimimtid &, Rk, B
B TR AL A R T, AS 5HLE 0%k BT P REEE LSS
AR, FEEVEAALA S MR AR A, ASTHCEEPIA H I A7 B izt B -
MR EE d XFA D ERER AR R NER 3 R, d FARGTEREITE (0.24-1.44) , 20 400
Fl7E (0.5-0.65)

Vi =8 |n[§+(1+é“b")

&l

W, =—C, In[§+(l+§b°)

u 1, ,z-d
—==In(—) (2.18)
u k -z
VA b R R A AR 2
& 3 B AL 5 R RS FER TR 2R £k
Table 3 Zero Plane Displacement and Surface Roughness over Time
1-2H 34H 56H 78H 9-10H 11-12H
dim) 0.6 0.24 1.25 1.44 1.35 0.52
zo(m) 0.65 0.58 0.57 0.5 0.6 0.54

ARICE X TR (2.6) - (2.8) FATER I FE RS EELEE . 457 E I E A EFAE LR
(McCandless, 2022; x|l %, 2010) , HARLFEUITF:

1) BiefshEimE ., BAGE BB NEE R R R e IER L (W, =W, =Y, =0)
ARANTTIE (2.6) - (2.8) 1, KRGV P ERE O T HIBESOE B . FRILIRE . AL LLiE
y x[u(z,-d)-u(z,-d)]

*O -
In z,—d
z,—d
T :K‘[T(Zz—d)—T(Zl—d):I
—d

*0 Z
In( 2 j
z,—d

10

(2.19)

(2.20)
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236
237

238
239

240
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242

243

244

245
246
247
248
249
250
251

_ K[q(zz—d)—q(zl—d)]
In[zz—d]
z,—d
2) ¥ U BTy AW T = U T, #HWT =0, WHRE 1) hEi-5gs R, 0T T
B, Wz LAz, L, AR R A T B BOR AT I BE S U, AR T, | AL

O (2.21)

0o M-2<2,/L<-10°HRAN Pa70 RIS RaEEBIERE FfE 212 f1 213) , 4
10°° <z, / L<1HHR N Chen05 J7 R B Fa s FE I IE R (7% 2.16 R 2.17)

3 it & &R B % error = , % error 2107 , 1

U* - U*O

+

T.—T,

+

q* _q*o
Ug =W Ty =T, Gy = 0 FEEI B 2) THF i BEBEHGE T U, RAERIE T, o SRR G, LOEFFI%
REZ error <107 w3 k%4

2.3 AT RZE

TRBIAN I EETE T 55 V5 0 AN i vk 4545 % (Foken et al.,2012; Stull, 1988) , “B#7% &/ fig it [a]
SEIMEARKENE, SR AT AR AR eSS . PR TEIE SRR (Foken, 2004) Ja @ik v B AN AR (1)
Pii2E cmw'u' FEEHT L BT IE, EIEBURITIE (Moore, 1986) . AZIRITIE (van Dijk et
al., 2004) FI#EITIE (Webb etal., 1980) Ji& 3 2 & it il & -

U, = (W) + (w'v)? (2.22)
To_ T (2.23)

U,
Q. __wa (2.24)

U,

B A AR T RN AT L 2.
2.4 W EEF IEASHFE

WA 2] B 0 AT 7k R — RS T2 50 10 77k, @I 44 i N AR B R bR 2 [A] ) 26 & DA
T O A R . ML IR AT DL S N AR B S B AR 2 R AE R MR R, T 2
THENA M EIRE 1o ATl 2 dL IBEHLARAR . XGBoost Rl T 422 ) 44 5 700 ot it 5 2 22 G W
(10 B P TR L AREAIE I P AR AIE IR 20 TR AT 1B S 3BT, Ak dse i N 3 2 455 Ay S A AR B (RS
FLHE AR P RO RI S 2y, WA N T4 T 1IHZ) RIsET MOST Wiitsia, HAW®E 1. A
TR R LA, A SO DU AL Ui (Frazier, 2018) 454 BikAT 5 4758 IRIIE
(Cai, 2020) VAR SH
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264
265
266
267
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269
270
271
272
273
274
275
276
277
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279
280
281

2.4.1 Y ATREE A 2

AW G5 2 T IRAE N Zp A LA AR, b7 fg K AR B ISR R ROR o 0 T I ZRAR AN P ik
EmRI 7, BRI A=, SRR B \RBEEAE IR, BT RIS . Ik
SRR EE I P o5 LB 2339 2009 T8% A1 22% .

2.4.2 FENLERA A XGBoost £ 7Y

FEHLAR PRI XGBoost 42 LAY SER (McGovern et al., 2017) JyJaA 2 > iy (AR i Al . pedf
PR —Fh X A R, AR —ANRAT AT A PRI AR AT . MR PR ([T
¥, 20200 4R

1) MR AT P A AR, KT TRV R U)o Sy, M B S S 2 T
IR ERBREY) R GE—AEED , BT E GNGERRMANL S, wRGE. BE. E
GrdE . TIEHGEELE, St H AR EEE R R P o B Ak .

2) ¥ 1) RS & AR, BMU LS BSE AT e, REBIR AR
BEAT AR, AR RO AN AR 11 A

3) X BIRPANPERGEAT I, R AT, AR AR RS R ARSI A L A
BTG WROREE, T RREARCRE, R AR DU S RO A5 3.

BEALAR b2 Bootstrap CEIA AR IBELAIAE: FEARBENIAMA RN KINEREFE,
AR K AR S, T2 AR S 45 R 1 Bagging £ A% 7 (Breiman, 2001) . Bagging &A%k J&
HanlE 4 (a) , W BBV IGE, SRS A B AFE N 7 45 2R SRA IR . 12
RFEAC 2 4E A0 2 B L2 MR R B 0T e, B RAFMZ LR ), NA) 2 (Belgiu, 2016; X
B, 2024) o BEMLARARU R S B AR PR R BCE (n_estimators) AR 1) B KR 2

(max_depth) . #FfiEEE (max_features) 19 & B 75 B/ MEAEE (min_samples_split) #l
R JE T RURMEASE (min_samples_leaf) .

XGBoost (Friedman, 2001; Chen, 2016) il iz — A KRR, 2 £ RIEAUE Z AR VLSRR
ZEHLSRANE) Boosting ££ iR 7Y . Boosting HykEHEUIE 4 (b) , BUEIEJE— R HARE R E
TR R 2 B EARE- AR, AT PR IR Z 52 FHREFE . XGBoost KA B8R A
EIRCEE N (&SR, 2022; #REIE, 2023) o XGBoost {5 (1R S 5L S AR AR AR FOE0E
(n_estimators) , W AIRE (max_depth) , %>J% (learning_rate) , Fi& AR IFEAS LL A
(subsample) , L1 IEMFEST 2% (reg_alpha) , L2 1ENAET] R2%0 (reg_lambda) , =5 54> 240 7
/MR Cgamma) , B2 40 2T FFRAE LE 5] Ccolsample_bylevel ) 1 #4) & 4 AR 1) REAIE L 471

(colsample_bytree) .
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(hos A
AR

T HAESEL .
(a) Sub iRl Decision  |—
dataset 1 | Decision Tree 1 result 1
. 7 { m (ot e ) =
FEA KR ﬁ%@“ TEERZ ) L P g [ REHR
Sample Booisiz Sub O Decision Ay = Final
dataset S;(l)l;lsg dataset 2 Decision Tree 2 result 2 verage result
e e (T )
) s (T |
;! Decision Tree n
(b) o dataset n result n
y1-
vt H bR (L) N y2-12
Output target (true value): Input variables ‘
vl xlx2 .., xk — -
it H e N &
ekt Output target: Input variables:

Decision Tree 1 y2 xLx2 ..., xk

Decision Tree 2

L R
Decision
result -,

WS R

Decision result :

POREE R

A Yn
Decision
result: Y2

A
Sum,

Y
It
Final result

K 4 (a) Bagging 5755 ; (b) Boosting 5.k HHR &K
Figure 4 (a) Schematic diagram of the Bagging algorithm principle; (b) Schematic diagram of the Boosting algorithm

principle.
2.4.3 NI A& M4
N TR 28 A7 K 2 RGPS B BT R, AN E . RIKERNRLEZ 2
2T, MA TN S (Uhrig, 1995) o ASCff I Z M2 M, MNEHA
AellE, BNMANEES —ABEVIGE L B CE A 26 5 R AT, P 0 R 2R s e A

ReLU #EATH:H, SIAARZMAFIEG HHENT —EMiorh. Mg L/t E s s
SIAAL BRI BENURE FE T FEBEAT ISR R E D |, A A e S Atk & /o35l - 1024
A 32, fifbEEESE Adam (Kingma and Ba, 2014) , %5¥E5 TS2Bl, HHEAE R, WEFR
AN, B SZEL BRI HLAE E M U8 (McCandless, 2022) . fE A BY i) 253t F2 b 48 F T Dropout
(Srivastava, 2014) FIAUE ZE ), (Krogh and Hertz; 1991) ) 1E M4 J5 % DL #¢ i #&:  Dropout il
Ao B WLV A4 20 0 PR AR AR 22 70 2 1) AR, A B 3 U 30 3 453 2 R v 8 2 3 300 DA PR 1) B K
/No HHEE MNP ZEL (RIEZE dropout. FUE ZEIRZE weight_decay. %] learning_rate. #H£7T
K% H num_layers FlBE5Z A% H hidden_sizes) i#idf#/f] Optuna #AIS ¥4k T B (Akiba,
2019) #EAT DUH-HRALALAT 2], IR AR 5 428 HIE .

AN BENLARAR . XGBoost 1428 P 25 ] DU LA B 24, pirfil FH A0 2 80
552 4 iR o

*[8] i B
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311
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313

314

315

316

317

R 4 BENIERM . XGBoost MIFHEN 4SRRI % E

Table 4 Hyperparameter space settings for Random Forest, XGBoost, and Neural Networks

RF 24 7% E] 1 XGB #2451 7 A E NN 24 7 A E
n_estimators (10,800) n_estimators (10,800) dropout (0,0.5)
max_depth (1,100) max_depth (1,100) weigth_Decay (€%, e?)
max_features (0.1,0.999) learning_rate (0.001,0.3) learning_rate (e%,e?)
min_samples_split (2,20) subsample (0.5,1) num_layers (2,4)
min_samples_leaf (2,20) reg_alpha (0,10) hidden_sizes (32,64,128,256,512)
reg_lambda (0,30)
gamma (0,10)
colsample_bylevel (0.1,1)
colsample_bytree (0.1,1)
2.5 MR E

BERLARE Z AR, 1RSI HORIMNREE AT M, A SO RR % (RMSE) |
I RE (R FI—8 a5 (A (Willmott, 1981; Deo et al, 2015) SRR BT AL . 2
TR ZE AR G R I T VRS AR AR, Y7 AR 22 U B = A R 2 1 SE B K/, AR &R
R R I AN S 2 R etk . — B FR AR T R A AR ZE AR B T E AR AR, X
TR0 00 22 ) ) A s FEE EAT RO, KA G R BN 7 R ZEEAT T b AR (Willmott, 1981)
AT T E AR AR

(2.25)
N _ _
> (R-P)(Q,-0)
R=—= (2.26)
> (R-P)*|/(0,-0)
i=1
Z(PI _OI)2
IA=1-—1= . (2.27)

Hrb PONTHE, O NZHME, N fauliii, «P 1P, P a3 PG Kb,
“O IR P IME R I B

3 BRSW

1HBEFIAZES MOST AEHHENmREEXH
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AANTESEET MOST TRt R I MRERE T R o i A S5 B BRSO B L R IR AT
AR . B RE AL XGB L% 2% ST 2 S0 i 2 AH LI 1) BE B B« AR 2 AR AR
CIRREAT IR0 8T, B 2 SRR (¥ N AR B 045 7 08 0 8 00 000 3 B AN B 4 8 7 X SO0 )
Ay, WA RN T2 1HZ) A1 MOST 4558, Ak % 1.

Kl 5 25 MOST J7ikit S r il & 520188 2% 2] J7iEAT IR fE s gxf . Bl 5 vl %,
RN REE T E AL, 52T MOST S FARAE IR B FRFAE Lo 52 B S ARy, R4S P A
ST HER . MOST THE 1 &l il B TE R 1500 T HUARRUE 1500 T BN, RS 11 2k,
GRS AT IENG, ARE AR E I 0 R (BRI L . R FURHE LL IR B R ) 1. 1 %
sEth (WE 5 .

F 5 NHLERS T IERT S VRS FERRATEL, B3R 5 AlAL, AREE T, RF Ml XGB i B4ETt+
MOST TR SR B2, PRSI L . Re AR I BE AR AE BB 38 T R 22 4 il B 0.066 PR =4y
0.042. 0.152 [#{%Z £ 0.105 P K 0.405 [F#{KZE#) 0.12. RF FIl XGB 1] iF J& 1) &t it il S AH ¢ R4
Bk 74 0.85, HAPEEEGHE B 0.9, T IEMSREE ) SR EOEE 0.9, R
TR — B R RO 2 0,95, F2UEEUL R, RF A1 XGB [FIFERH R4 T T MOST iHE MRS =
KGR, PEEEEE . LR ARHE IR R 1R 2 50 At 0.061 FAIKE 4 0.043, 0.104 FERE]Z)
0.036 LA /2 0.074 FRIKZE £ 0.02; FEFRHLE . PR FEFRAE LLIR AR OC 2 %5055 7l h 0.682 $2 7+ 2 i
0.8, 0.117 e Jt =l 0.78 LK 0.095 #7F £kl 0.63; —FPE4EE Al H 0.755 H I+ il id
0.87,0.387 #2 /- Z it 0.86 LA 0.294 &7 2L 0.76. AFEENL T, RF A1 XGB BN & i
WP IERCRARIE, FRE Sl T RE BRI EORE AL XGB B . HLAR % IR AR E IS L
TR IE R T EREE &S TRE i, X5 McCandless etal. (2022) R ST AT
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Figure 5 Comparison of turbulent fluxes by the correction of machine learning methods on the MOST method and by the M
OST method on (a) unstable conditions and (b) stable conditions: the x-axis label represents the turbulent flux observed by th
e eddy covariance method, and the y-axis labels represent the turbulent fluxes calculated by MO (left), corrected by RF (mid
dle), and corrected by XGB (right). The dashed line in the figure represents the 1:1 line, and the colors of the scatter dots ind
icate the frequency of occurrence.
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R 5 AT IE MOST B R FERNRE LRGSR, AR L HERRHAS, TRIGHI MR
WIES

Table 5 Evaluation results comparison of calculations on the test set for MOST computational results and after
machine learning correction, where "All’ refers to the complete variable combination in Table 1, and the underlined
part indicates the best solution

MOST RF#EE! XGB# MOST RF#&# XGB#&

+All E4All +All 4+ All

RMSE 0.066 0.042 0.042 0.061 0.043 0.045

U R 0.788 0.91 0.91 0.682 0.833 0.809
1A 0.864 0.951 0.951 0.755 0.886 0.874

RMSE 0.152 0.105 0.107 0.104 0.036 0.038

T R 0.687 0.855 0.847 0.117 0.811 0.789
1A 0.782 0.908 0.903 0.387 0.867 0.867

RMSE 0.405 0.12 0.123 0.074 0.019 0.02

- R 0.51 0.86 0.85 0.095 0.676 0.638
1A 0.552 0.914 0.913 0.294 0.793 0.761

3.2 BTN EF JIRE AT B EURM MR

ARSI A NS B BEAT 7T RE R XGB BERYART . Jim [a) 32 Bk 0T 78 -4 A\ 22
B BURE.

A A AR EEIE BRI TNEIN T . A F — 4D S BRI 2 I B, Jel A i o A, 78
YIRS _EBEAT 5 58 XIGIE, AR R EL R P05 bl U E RS R R iR e —
MR, ZERRETNRENMEE S MR REHTAS, BUCEIE, A AAT R RS
RN AR, DU, HENAREHMA Y. X%, AU A AL
B EER B AR R], BEL I B AR B DG R OO, B

JE AR BIR PRI TR . A A4S LA SRR, e Py A B A AR A R
SR8k BT 5 PTACXERAE, FIRHER RO BEATVRAL, BNAREEMER —JORAT A, MRS
K R® A e m OIS AR RS R fel, RE A BR . R AL B S R AN S OB 7, #5358 —
ANAERIARE . DLEEHE, B E&JE R ERMAAT R RAE . BRI, LR A AL
BALRENER UGB DI, REHIFRIMANZ B R RS SN, R, FEERERZ, b
THINR R A EX P Ik BAT e m, i DU AT R A2 Bk 3 7 kA G [ AR B ik 37
AR E HEEFIA R e

B 6 FIE 7 235l 7R T AERT A [ FEd, RF AT XGB Y b6 2 iy N\ A% & 1 B In A2 AT
FERIBORAA . B 4-6 TR, FERTIAARRESED, A RAZRERNN, R JetE T, 582
18 ETh, JEILTPRFEFAZ. fE)G RARRIER T, BEERMAZRENEAD, R bR, e
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18 B JE o R . fEX S N E T, T R? Pl EA LR R R E RS EA TR R BOR
s, A RG2S EAH BT B AR S AN, Al RPN )AL S i /. B 4 ATE] 5 T
DUEH, ERTH UaED EFPAREE T RF A XGB /i (JF) =AM A & al i 15 B
JFE . R R IE IR R? 2 BITHREIZ) 0.83. 0.65 Al 0.68; FasEtEul R o3l hEEIZ) 0.6+
0.45 F1 0.39. ARUERHLF RFEAIAA 5B BAZLEM XGB #iAA (57571 AR
TR BB R2 T 320 0.88, RF AT/ R\ BANZ&EM XGB /i /\4 (G +—1) A&
AR R HIZ) 0.75, RF AiAA B4 FIANEBEM XGB aitA> UE/AY) A
AR AR AL LR R THE B4 0.75. FRE B0 R RF AT+ U5 /A BIAAZEAMN XGB #iL
A a2 MNRER S EEEE R FmEl4) 0.68, RF AT\ =4 MANBEA
XGB Fi+A~ U4y BE A RERE R FH@EF4 055, RF AI/LAS UG LA AL & A
XGB A FPUA Ua-HPUAY) H NS & a] {f A4RRAE LI R2TF R340 0.53. 2 S N AR & 13 i sk
OXE REIEIARR N (R? A24E/NT 0.005) (LA 6 MRE LI AIE 7 MR LA I
) .

FHITE S R 25 B B, B TR AR ST R, WTULERIIMEE, #ad
ZERTIBA5 . B 6 BERLLGAE 7 B R LA SN L X R2 5200/~ 0.005
GEIRESCRFEIRD , sematl ), BRI E 6 B R LUE B n flE 7 e 2 LA 2 o
A E (RO RERS s R AR &) Sk it &, LR EHE: RF AT, FREEHE
(RF Forward; RF Backward) F1 XGB . J&n& 544 (XGB Forward; XGB Backward) .

3.2.2 ML 2T B AR 35 1O Al 5545 R 0 Hr

¥ RF F1 XGB LIRS G5 i AN B B AL gt AT I ZRAmit. il 5 il 8
%1, RF F1 XGB fifi i %48 & A& 1A e E e e 15 0L N #S R v s &, S 4
AR R BORARIT, MHLILEET MOST iHHER R T, AT EA G REEART
AR SN . R 6 A1, tFRRHMERER, RFAIXGB AT FrAEHEGIHE
M — AR HOY TR A A B AR BT, THERHMERRR, AT, 5
AR R4 A RF Al XGB MIAHIM: R%0 (RF #i%4+RF Forward: 0.757, XGB #7%!+XGB Forward:
0.722, RF ##%+RF Backward: 0.77,XGB #%%!+XGB Backward: 0.764) Fl—#M:#a% (RF 7Y
+RF Forward: 0.84, XGB #i74+XGB Forward: 0.831, RF #%7Y+RF Backward: 0.850, XGB #& %!
+XGB Backward: 0.857) 48 AR T8 FH 43 AL I (ARG IE R4 (RF #284+All: 0.676, XGB #
+All: 0.638) Fl—# MRS (RF #AI+AI: 0.793, XGB #AI+AIl: 0.761) . X EE R NAER
YEMBAR T EAEE R A, TURIARE, SEMRALEEE S B AA, BBR AN A DGR & AT DASR
mERITE (Reunanen, 2004; Li,2017; Venkatesh, 2019) .
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Figure 7 Backward variable selection for turbulent fluxes in RF and XGB machine learning models on (a) unstable
conditions and (b) stable conditions. In the chart, the first point indicates the value obtained using all variables on the
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Figure 8 The comparison between observed turbulent fluxes and those calculated by the RF and XGB models using the
forward and backward variables groups selected by RF and XGB on (a) Unstable conditions and (b) Stable conditions,
respectively. The x-axis labels represent the observed turbulent fluxes, and the y-axis labels represent the turbulent fluxes
calculated by the machine learning methods. The dashed line in the figure is the 1:1 line, and the colors of the scatter dots
represent the frequency of occurrence.
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Table 6 Evaluation comparison of the computational results on the test set using RF and XGB with their respective
forward and backward variables groups under unstable and stable conditions, where the values in parentheses
represent the change in computational results relative to using all variables, and the underlined parts indicate the
best groups.

RF #57! XGB 7 RF 57 XGB
T E VAL TEAR +RF +XGB +RF +XGB
Forward Forward Backward Backward
RMSE 0.042 0.044 0.042 0.043
(1) (+0.001) (+0.002) 0) (+0.001)
U R 0.908 0.899 0.909 0.904
(L) (-0.002) (-0.012) -0.001 (-0.007)
1A 0.948 0.945 0.950 0.948
(L) (-0.003) (-0.006) -0.001 (-0.003)
RMSE 0.104 0.106 0.104 0.107
(=) (0) (-0.002) -0.001 )
R 0.855 0.849 0.856 0.846
AtaE T (1) (0) (+0.003) (+0.001) (-0.001)
1A 0.909 0.911 0.911 0.906
(BHE) (+0.001) (+0.008) (+0.004) (+0.002)
RMSE 0.120 0.129 0.121 0.123
(&) [€0)) (+0.006) (+0.001) Q)]
R 0.860 0.834 0.856 0.851
o (ki) [€0)) (-0.016) (-0.004) (+0.001)
1A 0.913 0.903 0.912 0.909
(BHE) (-0.002) (-0.01) (-0.002) (-0.004)
RMSE 0.046 0.049 0.044 0.043
(L) (+0.003) (-0.003) (+0.001) (-0.002)
U R 0.822 0.785 0.835 0.834
(L) (-0.012) (-0.024) (+0.002) (+0.024)
1A 0.857 0.840 0.876 0.888
(AL &) (-0.029) (-0.034) (-0.010) (+0.013)
RMSE 0.037 0.036 0.036 0.039
(L) Q) (-0.001) (-0.001) (+0.002)
s T R 0.804 0.805 0.820 0.770
(L) (-0.006) (+0.016) (+0.010) (-0.019)
1A 0.867 0.874 0.870 0.847
(BHE) QD) (+0.008) (+0.003) (-0.020)
RMSE 0.017 0.018 0.017 0.017
(BHE) (-0.002) (-0.002) (-0.003) (-0.003)
g R 0.757 0.722 0.770 0.764
(BHE) (+0.080) (+0.084) (+0.093) (+0.126)
1A 0.840 0.831 0.850 0.857
(A i) (+0.047) (+0.070) (+0.056) (+0.096)
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473 Figure 9 The comparison between observed turbulent fluxes and those calculated by the NN model using the forward and
474 backward variables groups selected by RF and XGB on (a) Unstable conditions and (b) Under stable conditions, respectively.
475 The x-axis labels represent the observed turbulent fluxes, and the y-axis labels represent the turbulent fluxes calculated by
476 the machine learning methods. The dashed line in the figure is the 1:1 line, and the colors of the scatter dots represent the
477 frequency of occurrence.
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Table 7 Evaluation comparison of the application results of RF and XGB forward and backward variable groups on
the NN, the values in parentheses being the differences from the results of MOST, and the underlined parts

representing the best solutions for NN

NN #&74 NN 74 NN 7Y NN #5224

TIRIE + RF Forward  +XGB Forward  +RF Backward +XGB
Backward

RMSE 0.049 0.051 0.046 0.054
(EE) (-0.017) (-0.015) (-0.020) (-0.012)

U R 0.910 0.899 0.907 0.897
T E) (+0.122) (+0.111) (+0.119) (+0.109)

1A 0.940 0.936 0.946 0.929
T =) (+0.076) (+0.072) (+0.082) (+0.065)

RMSE 0.109 0.131 0.111 0.115
(EE) (-0.043) (-0.021) (-0.041) (-0.037)

TRasE T« R 0.845 0.780 0.837 0.820
(EE) (+0.158) (+0.093) (+0.150) (+0.133)

1A 0.897 0.877 0.893 0.891
(EE) (+0.114) (+0.094) (+0.110) (+0.108)

RMSE 0.133 0.130 0.139 0.149
T =) (-0.272) (-0.275) (-0.267) (-0.256)

g R 0.831 0.832 0.811 0.800
(k=) (+0.321) (+0.321) (+0.300) (+0.290)

1A 0.906 0.893 0.894 0.888
(EE) (+0.299) _(+0.286) (+0.287) (+0.281)

RMSE 0.054 0.049 0.050 0.050
(k8 (-0.007) (-0.012) (-0.011) (-0.010)

U= R 0.716 0.773 0.768 0.755
TLE) (+0.034) (+0.091) (+0.086) (+0.073)

1A 0.824 0.871 0.858 0.853
TILE) (+0.076) (+0.123) (+0.110) (+0.105)

RMSE 0.043 0.040 0.041 0.040
(k8 (-0.061) (-0.063) (-0.063) (-0.063)

sz T R 0.740 0.766 0.748 0.752
(EkE) (+0.623) (+0.649) (+0.635) (+0.635)

1A 0.829 0.860 0.842 0.847
T E) (+0.462) (+0.493) (+0.479) (+0.479)

RMSE 0.019 0.019 0.016 0.017
T E) (-0.055) (-0.055) (-0.058) (-0.057)

- R 0.721 0.752 0.798 0.776
(EkE) (+0.626) (+0.657) (+0.703) (+0.681)

1A 0.837 0.795 0.866 0.847
(Z8) (+0.403) (+0.403) (+0.474) (+0.456)
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