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Carbon flux simulation and analysis of influencing factors in the Larix gmelinii

ecosystem at different time scales based on machine learning
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Abstract: Machine learning has been widely used in ecosystem research. This study analyzed the dynamic variation
characteristics of the carbon flux ( NEE) data from the Larix gmelinii ecosystem, observed from January 1, 2014, to
December 31, 2018, and simulated the data using various machine learning methods. The results indicated that; (1) The

“ ”

daily dynamics of the NEE during the growing season of the Larix gmelinii ecosystem exhibited a “U” shape, with the
ecosystem acting as a carbon sink overall. The carbon sink capacity was strongest in July, with a monthly average of 67.57 ¢
C m™. From September to May of the following year, the ecosystem acted as a carbon source. (2) Structural equation
modeling revealed that the main influencing factors of NEE in the Larix gmelinii ecosystem are latent heat flux (LE), net

radiation (Rn) , leaf area index (LAI), air temperature ( Ta), relative humidity (RH) , vapor pressure deficit (VPD) ,

and soil water content ( SWC), with latent heat flux and net radiation being the most dominant factors affecting NEE
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variations. (3) Four machine learning methods ( RF, XGBoost, SVM and ANN) accurately simulated the NEE of the Larix
gmelinii ecosystem, with XGBoost and RF providing similar results. However, XGBoost outperformed RF in terms of
simulation accuracy and computational efficiency. The study provides a basis for using machine learning methods to estimate

ecosystem carbon fluxes.

Key Words: Larix gmelinii; net ecosystem carbon exchange; carbon flux; machine learning; simulation
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SRARY X PN, 3 W S b B AR KR A 51°46752"N,121°01'04"E , ¥4k 773 m, S HEIALN 16.7 Ji hm® , Hih A K
HUE A2 (5 14.7 J7 hm® , BRARE B2 5E R 90% LA - 253 i b A FE 3R 7 R ki v 2 AR s X AR < 4.4 C
BEH 7 AR 17.2 °C 58 A 12 A¥iE-23.54 C, FHFEN ALY 481.6 mm, 2 70% B K K AEFER 2,
BAW MY, RHERAORR A AR AR B T R My P FE IR M A AR, DL% AL IE A (Larix
gmelinii) A ELLHEBN  FAME( Betula platyphylla) Fy F 2R AT MR AHBE £ 2L HE M (Ledum palustre ) R
¥ ( Vaccinium vitisidaea) >4ZF:5% ( Rhododendron dauricum) “5H4%)
1.2 FMOG S RGN0 R 5

LI B0 A R ) 6 PR AR AR 25 2R e (AT 5 i %) F B 2 R G 2 W ) 2R 45 AR5 06 3
MRS, T % B AR DI 2R G0 AH DGR £ LB A0 T8 e 35 15 B 24 35 m Ab 3 KU i o /) SR I B R 4
Wi# R 10 Hz, IF42ME 30 min 7ELGE R . R B0 BN R G EH RENZN 2 s FELITR /N3
{EL/ SRFEUEL, FFAH R i 25 FhoULi A% 1 (9 H 34900 SRBUE . FLARRR K 8 8 R 22 M 25 5 B nEk 1
FIis

£1 HEFARRRESREEMBFRE (M) BRKBERMSKEZNMNLEER
Table 1 Information on observation equipment for carbon water flux and micro meteorological elements at the North China Forest Ecosystem

Positioning Research Station ( Huzhong Station)

FUNITERZ e R L IEAR A 1l 3 L ey 2/ TR
Observation system Measurement elements Sensor model Manufacturer Observation height/depth
FE 108 B AR 3 B W R B €O, \H,0 i LI-7500 LI-COR 35m
Open-path eddy covariance flux = RGE Y CSAT3 Campbell 35 m
measurement system SRR CSAT3 Campbell 35m
TG B LI R 52 A REES LI-190SB LI-COR 35 m
Micrometeorological gradient E TN CNR1 Kipp&Zonen 35m
observation system = R AR 034B Campbell 30 m
25 B/ MR HMP45C Campbell 2152534 m
TR 107L Campbell -5.-10,-20.-50.-100 cm
+- Koy CS616 Campbell -10,-20,-30.,-50.-100 cm
Bl RS R CR5000 Campbell
Data acquisition system RRERRE CR23XTD Campbell
1.3 HdEab

TR ) S AR R A D 2R S S ML 50 A7 R R S R i DRSO oo, i 0
IR 7 A B B i ], RS A B IR 2 A U K O PO B RO A I e 4 | RO R
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AR IERR X R BORRAEA TR IE, B P = A XU A AR 55 IR XA B DR IE | e J % i U 3 Aot R4 7303 1T T A
WPL K IE AT BR B FEROV RN > (A 25t bR B TRAL B 328/ N RUEE 1Y CO 38t BT A AE AT e
S Bl S L, 5 BEHE— B AT B P o), B R 0 2 (1) S e 0 [RS8 5 (2) A 2 2 50 I i
FF 8] 51 H B A8 S5 B RS8R 5 (3) 0 B3 A ) JEE 458 DXLt A i SR B 48 XL ™ 1 30 i 5l , Al £ SO0 5030 114
i,

ARG 18 AR PR E CO, 38 i W #HAGH & ( Latent heat flux, LE) FUZHGE & ( Sensible heat flux, H) , <
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SRR BE PR 2 SR (Air temperature, Ta) AHXHESE (Relative humidity, RH) %4 ( Net radiation, Rn) .+
HEIRFE (Soil temperature, Ts) | 1385 7K 5 (Soil water content, SWC) il F17K 75 22 ( Vapor pressure deficit,
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FRUREC(LAD) 7= 5 28038 77 i AR A B ER 5 |2 ( Google earth engine, GEE) z=-F- 57847 T 2%, L B L7 MR
MRA SR GEE BT ST g bl RIBCEAR 1 A LB N 2800 LALF3{E, ATHR S MODIS 7 i 32 ft 1 4
7S AR AR, SR S—G BEI LA T 0T, Sk R B 2 g e e 5 D DR B IR 0 AN R S i Bl
PP 24 LAL A4S 2 H AR JF 0T H S S B A7 IR, DL SE 05 2 /N85 e H A i A =X
SN
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(1) BEYLARMK (RF)

BEBLAR MRS Fh AR 5325 5 R4S B AR S B A2 2 Bk D% Ik A sl as 47 R B i 4, O
AL FRET A A AR B FE 3SRV T AR S T, 22 B v, T DATE — @ R B Dl e i H00 5 S P
BEDLARARTERIAE L R PR T T A R | AL — AR 3 AR A 73 0 20 S 1 B A7 6, TR AR Bl Ji g
RYEFR AT (Out of bag) o FIHKLY 37% A INEHE AT /3 A 485 R bk BEVEAN LA SO SN R RRIE AR 1
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e S el 2 $ T2 — B AL T Boosting 2R 2 T IHLAS 52 2 7k o IZFELL CART PSRRI N L7326 4%, B
AT CART B DAL 1T — 48 000 1) 5% 2% , e 285 ST A7 A6 10 3003000 45 S50 Jon DA 28 i e 26 00 (i
XGBoost PRI H i 80 HE AT R A ) PRS2 52 3 )32 Q3 | 16 SR RUE A b 307 T8I D0 TH& GE bl 7 > 7 v i
TR B 25 o 5 R 40T
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IR 1 AR 43RS R E NEE 16K TR (5 1 9 J1) RILIN DT B IO LHHIE, JLHE 6—8
HASEHRIERER S -0.59—0.27 mg €O, m™ 5™ 11T, B JEHAMR HE AR RO 7S , LI £ R T2 M
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T 3R, NEE H BRI R $5-67.57 g C ™ 0], R4 il PR o 2 5 M7, NEE
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Fig.1 Monthly average diurnal variation of Larix gmelini NEE Fig.2 Monthly average diurnal variation of Larix gmelini NEE

during the growing season during the non growing season
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RO TR SR AZE B AR, SZIRE O Fig3  Seasonal variation characteristics of NEE in the Larix
WA KA LRI EREE I T IO, AR ETEN  Gmetini
FAZEAS R NEE 19558 0 HLH], AR 5% 26 2 i
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2.2.1 Pearson fHEEDHT

T2 /N R R X NEE 5838355 N 7847 T Pearson AHICHE AT (K 4) . 455K .NEE 5 F
B R FHIA7AE W A M (P<0.001) . Hid' NEE 5 RH 2 B F 1IEM KK R (P<0.001) ;5 Ta Rn Ts,
SWC VPD LAILLE H AR A UAHSEE 2R (P<0.001) , FESRARSC N - 7f  LE 15 NEE #9 5R ¢ 28 Bk
(=0.66) , HIRKA Rn(—0.52) , F BV TG 1 R 5 2 52 00 2428 7 A AR 28 R G e W S DG B PR 1

1.00
NEE
Ta 0.75
RH 0.50
Rn
0.25
s £y
0.50 0.15
SWC ek | wowk ok E
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Bl 4 MREMNRESRS NEE SHREEFHHEXES T
Fig.4 Correlation analysis between NEE and environmental factors in the Larix gmelinii ecosystem
NEE . 45 R Gk 38t Net ecosystem carbon exchange; Ta: 25 S - Air temperature; RH ; 4 X1 % & Relative humidity ; Rn: ¥ 45 4§ Net
radiation ; Ts : 13 HAE Soil temperature ; SWC ; 3% 7K 3 Soil water content; VPD AR FI/K K2 Vapor pressure deficit; LAT; T FUFE 5L Leaf
area index; LE ; Tl f Latent heat flux; H . JE#GE I Sensible heat flux; * /R P<0.05; # % Fx P<0.01; % F7x P<0.001

222 FLZRVERGE

FEFAH M T 2 SR R R, 3043 IR BE AR 2 (R AH G Mg . ZERE R [R5 | 220 BEAH OG0 28 & 1] fig
SEF B IUAY, SRS W ALY ) R ) AR PR . I AR GRS 25 I K L ( VIF) X BB AR it i 473k
RYERGS . 4553 2 i RH SWC LE F1 LAL (% VIF {E¥{K T 5, 748 5 2 [ R PR, 7T 1E Ky 5 2 s
HOfl ST AR AEAS R Rn JH F VPD B VIF {HA T 5.115—7.500 22 [a) , 7776 — & PR B A L2 v | (H 38 3 A 250 (1]
VAR RS P R ) 7 A R, ST AR S R G0 RS R 1 B A B R LA A TR B NEE 1Y

*2 IMEEFE NEE ZBEBAZEBKEF

Table 2 Variance inflation factor between environmental factors and NEE

BT J5 2E WM R T Ti 2 A T
Environmental factor Variance infation factor Environmental factor Variance infation factor
IR Ta 12.834 VPD 5.115
FAXTEEE RH 4.528 LAI 3.110
RN Rn 7.500 LE 2.578
TR T 12.556 H 5.175
THEF KA SWC 1.674

Ta .25 SR Air lemperature;RH:*ﬁXﬂ'ngz'E Relative humidity;Rn;?%ﬁ%ﬂL Net radiation ; Ts; + &R Soil temperature ; SWC ; + S KR Soil
water content; VPD JHUFOK S R 2 Vapor pressure deficit; LAI; - T FRIE %L Leaf area index; LE . V& PG Latent heat flux; H; JEAHHE & Sensible

heat flux
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SWC .LE LAl Rn .H NPD Fl Ta ¥ L5 7 RASERY T 0 B 24 95 AR A A8 R G0 NEE [ EREERZma L
2.2.3 S5k RRAA

FERG LSRG 7 ARSI | Hy TR ARG f (1) ME LA
JEASERY R T SR, ARG 3 TR S A Mk HL A o
B ERRAL JfLL NEE KR8, %E4% Ta \RH .Rn ,VPD
I SWC 1ER HZAZ H LAL A LE VE R WA A8 ) 5 AL
HENLEEPE BN S RGN AR 7 R | DAt 7 FR 5% [
FXF NEE (9 B4 Fl ) 2 52 e g6 A2, DR SR 45 SR W,
I PR AR TR 0 A R R R (X /df=2.818, GFI=1.000,
AGFI=0.999, RMSEA =0.009) , REf%f# B¢ NEE 7“2 4k Ay
59% (1l 5) 2B RS R LT 1 F2 W24 P i v A S &R
4iHh NEE RIS IRsh LA,

GG 5 K 3 iR, RE Ta Al RH BE#EXT NEE
R BN AR BRI o R Hot S XSRS NEE SOREE T A R
NEE El’\]f % ?ﬁ " [EJ 7% ﬁ ;lil ETJ Tﬁ :é"_?ﬁé 9; f}rﬂ, El/‘], Eﬁ"fé% 2& ﬁ:}’ Fig.5 Structural equation model of NEE and various

Rn < -0.23
~

VPD 0.29

x/df=2.818 GFI=1.000 AGFI=0.999 RMSEA =0.009

environmental factors in the Larix Gmelinii ecosystem

2 -0.25 F1-0.30,, il BT+ = AT eSS N % 2 I i i
AR AVE DT 3E naseHE k15 T R € R il
4O AT fgiE (R HF LAT FIZEHOR /i HEXT NEE 119 17 [
SN, Rn %) NEE ()[R0 K F B HE00 , H — %1

SR EE TR PR AR R B, Tl o i 2 PR 5 (P<0.001)
R AR A B E YRR LTS R R, B kR
B A 5 3N A 7 B A S, X2/df: KT/ B ME Chi
square/degree of freedom; GEI: 8L & £ & 1§ %U Goodness of fit

index; AGFI; I8 % 8l & 1t J& 45 %0 Adjusted goodness of fit index;
RMSEA ; #1134 /7 HR 1% 22 Root mean square error of approximation

FHINARRLN, , SWC I VPD Xf NEE =4 T i 3 1F
] ELEERLN , VPD S 2 Al A 45 340 2 30 H £ 1] 1) ]
FERON . WEHAGE AT LA X NEE 2774 7 8 319 1]
FLEERON , FLFE AR R B -0.60 F1-0.13, 5 FREE X% NEE (9 S8 NIT 4 (R 3) :LE > Rn > RH > Ta
> LAI > VPD > SWC, H:H' LE Rn LAI .RH Hl Ta %} NEE B B 5200 g i 2% 5 m4E F, 1 VPD Fl SWC X
NEE [ 52 10 >y (35 9 1E ] /R, V8 4Gl i Fgvim S 2 52 i) NEE AR TR 9 S HE R 7

£33 RIBEFIHNRBEMES RS NEE SRR AR EL R

Table 3 Effects and standardized coefficients of various environmental factors on NEE in the Larix Gmelinii ecosystem

FAITE YA 5L F Environmental factor

Impact type Ta Rn RH SwC VPD LE LAI
ELEREI Direct Tmpact — -0.23 — 0.03 0.29 -0.60 -0.13
[B]-2 840 Indirect effect -0.25 -0.32 -0.30 — -0.22 — -0.09
JSEI Total impact -0.25 -0.55 -0.30 0.03 0.07 -0.60 -0.22

2.3 HETHLAF ) kR NEE B30

T 35 45 4 T AR AR G 5 1 ) PRV S R AR e A BEATLAR AR | SR AE E M AR A HE P 1 B AN )
B AT 0 MRS, BEE R T HAREA G RAIME B, FEEEF 100 R DA FI(E, Bkt
ASHIMGE FE S5 2 I RFIE AL S VE A R AR 1 S5 SR 3R 52 NEE el 28 445 K . LE \Rn \LAI  Ta
RH VPD il SWC,45MEBE R 0.66, R AR i3z A Be ) Fidedg | ifF— 20 R F 42 SUIRiE I8 R® |
RMSE 1 MAE 85 XA 5 0 BE S A 725 5 PFA
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4 FPAE I/ RUBE NEE WA 5 BB A 30 0E 0 BN & 6 B7R  BEAE 5 52 BrE i 22t a4
ZERMNE 7 fis, S AT UE AR BETEAS [ AR LA hr M Bl NEE , T 5 S PR 10 A48 fb
Iy — 2 AN [ BERL i B BCRAT AP — 0 22 5. 2B/ NI RUBE &AL &8 27 2 X NEE B PPN PR b (B %
HI(# 4) ,B% ANN 4, RF XGBoost Al SVM BEIAEIAAE 1Y RPFKT 0.70, RMSE /T 0.14 mg CO, m™
s ) MAE ¥/ T 0.08 mg CO, m 2 s™' . HitP, XGBoost HEBIZERAEHR F R IR AL , MK 4E R*Hy 0.754, RMSE
0.128 mg CO, m™ s™' ,MAE 2}y 0.066 mg CO, m™> s~ HJZ RF £i% R*7 0.745,RMSE 7 0.130 mg CO, m™
s ,MAE 2} 0.067 mg CO, m™ s™', FHILZ T, SVM ATl ¥4 B% 5#h T XGBoost Al RF, HIIX4E R 73 I
0.0477710.038 ,RMSE 43517 0.012 1 0.010 mg CO, m™> s™' , MAE 433k 0.008 #10.007 mg CO, m~s™', ANN
R e AR H55 , R M 0.685 ,RMSE 4 0.142 mg CO, m™> s™' ,MAE 5 0.076 mg CO, m 2 s™",

1.0 101

RF XGBoost
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Bl 6 2014—2018 £ EH2FF >4/ it R E NEE Ui (B 5B R I8 E A= B
Fig.6  Scatter plot of validation between NEE test values and simulated values for 30 minutes of machine learning from 2014 to 2018
RF:BEHLZEM Random foresl;XGBoost;*&fﬁﬂ)]ﬁ*ﬁ:ﬂ eXtreme gradient boosting; SVM . TR EAL Support vector machine;ANN;/\qu] S

Artificial neural network

F4 SHHBFI TN RE NEE YIS E£MMR EREBSERR

Table 4 Simulation accuracy metrics for NEE training and testing sets under various machine learning approaches

PE BB By 2 SRR R 2

JEil] R? RMSE/(mg CO, m™2s7™!) MAE/(mg CO, m™2s7")
Model Y ERs Mg IR S AR IR S lne S

Training set Test set Training set Test set Training set Test set
FEHLARAR Random forest 0.841 0.745 0.101 0.130 0.053 0.067
WA BE HE T eXtreme gradient boosting 0.878 0.754 0.088 0.128 0.051 0.066
S F# 1) ML Support vector machine 0.709 0.707 0.137 0.140 0.060 0.074
AT HZ ML Artificial neural network 0.707 0.685 0.139 0.142 0.075 0.076

R* . P5E ZAX Coefficient of determination; RMSE ; ¥ /7 #1522 Root mean square error; MAE ; -3 4i %5 2% Mean absolute error
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Fig.7 Fitting chart of simulated and measured NEE values for 30 minutes of machine learning from 2014 to 2018

T2 /NI RUEE () ¢ B AE AR S 3R , R 4 FhBILAS 2% I BERURE DS J5 AN A A8 R SE W NEE HEATHRINL,
Az S /N RE NEE B , BRI 2s 5 B 2 A R, 2B 0 RUEE NEE BEAUUE , 599 13 AH OG5 08 )
20 H REE NEE SEA7XF A0 4 FSERLAE A RUEE b AR I ZE SR SR RE S S W42 JE A NEE Y 275 14
AR X — a3 5 R B RGN ASHR AT . SR FEA 3 RS A R BE A0S | AN [ AR Y 8
PIRCRAFAE 35 22 57 (81 8) . XGBoost Al RF 5 AILE Ry ] | S84 5 00 I 1 95 Ry — 350, B8 3500 1 i i 2%
LIPS RS NEE 12 AR ACRAE (A AEAE 3 o0 3 B s Al s ARAl 0 e . LT, SVM BAUAE
7 ) L 5 TR — 3 H AR AR LRI FE 38 )5 AN AN XGBoost A1 RF, ANN AR (AR AL 55 , HHti (A
WIS T7 1) Al 25D, % 2245 PR AR A i dE ae T e A 2, MWARHIKG BE R B (£ 5),
XGBoost \RF HI SVM #ERIAE H RUEE 48RS R A3, Horh XGBoost #RI R M A, R* 24 0.945, RMSE X
8.056 ¢ C m>H ™" ,MAE 4 5.668 ¢ C m>H ™", ANN PEAER2E,R* {0 0.709, RMSE F1 MAE 43514 18.509 ¢
Cm?H A 14.764 ¢ C m™ A~ 78T R T AORTL0RS B I A T I A AR Y

F5 FHHEFESTARE NEE YIS EMNIR £REREERR

Table 5 Simulation accuracy indicators of NEE training and testing sets for each machine learning month
A eE R Wiz A R 2
Model R RMSE/(g Cm™ ") MAE/(g Cm™2 ")
BEHLAR Random forest 0.939 8.502 5.820
W3R BE 4R T) eXireme gradient boosting 0.945 8.056 5.668
SZFE L Support vector machine 0.928 9.210 6.698
AN T A2 M 2% Artificial neural network 0.709 18.509 14.764
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Fig.8 Cumulative fitting chart of monthly scale simulated values and measured values for machine learning from 2014 to 2018
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