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Abstract

The eddy-covariance technique has been widely applied to quantify the surface-

atmosphere interactions over different landscapes in the past decades. However,

nowadays there are still about 20 to 60% missing data in the flux measurement because

of equipment failure or the weak turbulence caused by low wind speed. Among all the

gap-filling methods, machine learning (ML) is a powerful tool to simply establish the

non-linear relationship between the input and output parameters and has been broadly

utilized in many flux studies. However, very little attention to ML was given to the

analysis of multi-landscape comparison.

In this study, the CLM flux station in the subtropical region of Taiwan is chosen to

investigate the effectiveness of machine learning in this region. This study uses artificial

neural networks (ANN) and long short-term memory (LSTM) to predict the CO»

exchange and latent heat flux (LE) in the ecosystem. In the subsequent study, partial

derivation (PaD) was used to investigate the contribution of different parameters to

understand the relationship between parameters, and finally, the missing plants were

filled and compared with the unfilled data to understand whether there is any seasonal or

overall discrepancy.
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The preliminary results of ANN and LSTM show that using eight parameters under
various combinations of parameters can obtain higher R?, 0.74 and 0.71 for CO» and 0.71
and 0.67 for LE, respectively, and in separate measurements of day and night it can be
found that nighttime is not effectively predicted, however, in PaD it shows that Rn has
the largest contribution to two parameters, 62%, and the PaD shows that Rn contributes
the most to both parameters, with 62% and 35% respectively, and after filling the
quartiles, it can be found that the quartiles shrink significantly in the winter season
when there are more missing values, and the machine learning has good prediction

ability in CLM.

Keywords: Carbon dioxide flux, Latent heat flux, Eddy covariance, Gap filling, Partial

derivation, Machine learning

v

doi:10.6342/NTU202300497



B e evreenererrannsserranssesrannesesrannesersansesersanssseraanssssrannassssannarevsansasersansasersanasssiabans e dchesfihoehbe i
OO N -~ ii
Y 413 - ot iii
LT =TT 00T =] | RN vii
Table CONtENt.....uuueeiiiiiiiiiiiiiiiiritcc s X
Chapter 1 INIrOAUCLION ...ccveeueeiiiieeierieeieee et st ene s 1
1.1 Background and mMOtIVALION .....cceeveeeerireeriiiieiere et s 1
A ST ol d W] o] =Tl 1 Y7 LR 6
Chapter 2 Literature REVIEW......cccuuciiieeeciiieeeicitienrerrennseerrenssessrenssessennssessennssessennsssssennsnns 8
2.1 Gap-fIlliNg tECANIGUES ...eeevvierieeiiiie sttt ettt st sbe e s ste e s be e e sabeesabaessaeeesaneeen 8
2.1.1 Non — linear regressions (NLRS).......cccvreerininieniiieereneee e 9
2.1.2 Unscented Kalman filter (UKF) .....ccccoovrieriniriinineeneeeeeeeeseeeese e 10
2.1.3 Look-up tables and further developments ...........cceecveevieereenieerieenienniie e eeeseeseee s 10
2.1.4 The semi-parametric model techniqUE(SPM)......ccceevvirvieiveirieerin e 11
2.1.5 Mean diurnal variation (MDV) ......cccoiiriiiiiinneeeee e 12
2.1.6 Maching [CaIMINg........couevuerririenierieiesre sttt smeesnesre e 12
2.2 CO; gap-filling MEthod.......c.eoveirieiiiciicie e s 15
2.2.1  The concept of the CO; gap-filling method..........ccceeveeveerieerieriincieceeeeeeseee 15
2.2.2 Friction Velocity Correction (U * COTTECHION) ...eeruerreereeriieerieeriieniteseesieesreesieesseenaes 15
Chapter 3 Material and Method .........ccccoiiieiiiiiiniiiiiiiiinii e ssesens 17
3.1 WOTKEIOW ittt et ettt sbe e st st e s be e b e sneeeas 17
3.2 Study Site and Observation Data ...........cceeevcieeriiriiieeniee e sreessieeesens 18
33 Machine learning algorithms .........ccccveveerierieiiiiieeeere e e e e eee e sre e reeseeesees 26
3.3.1 Artificial neural NEtWOTK ........cooiiiiiiiiiiieeeeee et 26
3.3.2 Long short-term memory (LSTM) ......cccevirieiinineenireeeeneeeie e 27
3.3.3  Performance MELIICS ......cccueerreereereiriieieeteeste sttt st st e bt e bt seessee st emeeeeeeeees 29
\'

doi:10.6342/NTU202300497



3.4 Input Variables for Training the ML MoOdeIS........cccuereiriiiiirriiinieenieenesiee e desinn e sns 31

3.5 Partial Derivation (PaD)........cccciiieieiiiierieeere et 40
Chapter 4 Results and diSCUSSIONS .....c.cciiiieeiiiienniiiiieniiiiieniiniiesiniieseieasineanssenees 41
4.1 Correlation coefficients for input Parameters .........cceeveveeerveeriieeiiieeesiieesseeessiesssiaeains 41
4.2 Maching 1earning reSULLS .......ccveriuerriitiriie ittt sttt esteeesreesbaessabeesbeeenes 46
4.2.1 Compare the R? relationship between different inputs.........cceeeeeeeeervrvrirerererererenenes 46
4.2.2 The R? between the different PEriods .......covvvrvrvrerirrririeieeieieieeeeeeeeeesesese s 52
4.2.3 ANN model plus LSTM mOdel......ccccovirierinieienineereneeeseseee e 57
4.3 Results of SenSItiVIty aNalySIS ..ueivcveiriereriieeiiieinieesieesseeesieessireesieessieeesreessseesssseessseesnes 60
4.3.1 Formulation of Sensitivity analySiS.......ccceeveereeruerursrirerieesieeseeseesessssesssessseessesssessnns 60
4.3.2 Results of the sensitivity analysiS.......ccooveceerirerrerinrienieneeeseseesese e 66
4.4 Analysis of the gap-filling data .........cccoeeevirireiiiee e 70
4.4.1 Monthly data before and after filling .........ccccevvvervirriieiiiieeree e 70
4.4.2 Heat map before and after filling .........cceeveevierieniiniieieceesee e s 77
4.4.3 CuMUIALIVE ChAT ...oueiiiiiieiie ettt st st e sbe e 81
Chapter 5 CoNCIUSIONS......cccciiiiimuiiiiieniiiiieniiiiiesiiniiesiiriessiisiessistiessssssesssssssessssssssnsss 83
REfEIENCE...cciiiiiiiiiiittttttt e 86
vi

doi:10.6342/NTU202300497



Figure Content

Figure 1. Eddy covariance equipment (Fares et al., 2018) .......cccceeeiieeiiiieiiiiiiiiiiiniinne 2
Figure 2. The gap-filling method through machine learning (Kim Y. et al., 2020) ....... 3
Figure 3. Climate change figure (TCCIP) .......cccuiviiiiiiieiiieieeeeeeeee e 7
Figure 4. Comparison of the Gap filling method (Moffat et al., 2007) ........c.ccceeuennene. 8
Figure 5. Comparing R2 and RMSE (Moffat et al., 2007)......ccccceevvieeviieeciieeieeeieeens 9
Figure 6. The concept of structure from SPM (Stauch & Jarvis, 2000) ..............c........ 11
Figure 7. Half-hourly bias error (Kim et al., 2020). .......ccceviriiriiniiiinieneeeeeeee, 13

Figure 8. The results of the machine learning model and multiple linear regression

model (Dou & Yang, 2018) .....ccuiiiieiieiieeieeee et 14
Figure 9. WOrkflOW .....cc.ooiiiiiii s 17
Figure 10. CLM station DEM and basic information............ccccceceveeveniienenneneenennne. 19
Figure 11. The ensemble average of CO2 and LE time series in CLM ..............c........ 23
Figure 12. The gap precents of the CO2 and LE in the CLM ........cccceceviiiiniiinienienee. 23
Figure 13. CLM latent heat heatmap ........c.ccooevieiiiiiiiiinie e 25
Figure 14. ANN StIUCIUTE .....cooviiiiiiiiiiiieeteeieee ettt 27
Figure 15. Long short-term memOTY ........c.cccoeeiirieniieiienienieee st 28
Figure 16. Activation function types ((Nwankpa et al., 2018)).....ccccccveevieriiienienrrnnnen. 29
Figure 17. CLM meteorological data ...........ccceevueriiniiiiiinieniiiieniecceeeeee e 31

vii

doi:10.6342/NTU202300497



Figure 18.

Figure 19.

Figure 20.

Figure 21.

Figure 22.

Figure 23.

Figure 24.

Figure 25.

Figure 26,

Figure 27,

Figure 28.

Figure 29.

Figure 30.

Figure 31.

Figure 32.

Figure 33.

Figure 34.

Input data of monthly Scale ..........cooviieiiiiiiiiiieice e 37
Meteorological fIGUIES ........ccveiiieiiiiiieiie et dabe e - A
Heat map of correlations between parameters ...........c.coeveverveeriesiesnueneenne 42
The R? between Ta ~ Tsoil * Rh * Rnand COx.....coovvvveeeececeeceecce 44
The R? between PAR * Visibility * Wd * Ws and COz.....c.cocoovvvevevevnnnen. 45
The R? between Ta ~ Tsoil * Rh > Rnand LE........cc.cccoooooerveveveieccene. 45
The R? between PAR * Visibility * Wd » Wsand LE............ccccocovevevne.. 46
The R? of the different inputs in CO2.......vevvevervieeierieieeieeeieceeisesee e, 50
The R? of the different inputs in LE ............ccocooveveieeeveeeeeeeeeeeeeeeeeeans 52
The R? of the different inputs in CO2........ooevvveveeeeeeeeeeeeeeeeeere e 54
The R? of the different inputs in LE............ccccooveveiiereeeeeeeeeeeseceeeenens 55
Comparison diagram of R? for each method............ccocooveveieiiveveveiicne. 56
Comparison diagram of R? for each method............ccocooveveieiiveveveiiien. 57
Results of ANN prediction of COnz...c..eeveriieniiiiiniiiicienieeeeeeeee e 59
Results of ANN prediction of LE.........ccccooiiiiiiiiiiiiieicieeeeee e 60
ANN structure schematic diagram (Redrawn from (Nourani & Fard, 2012))

...................................................................................................................... 62
CO; Partial derivation reSults..........ccceveeriiienienieienieeeeeeeee e 67

doi:10.6342/NTU202300497



Figure 35. LE Partial derivation reSultS.........cccoeouiriiniiienieneienieieeesie et 68

Figure 36. SSD IeSUILS ....ccuiiuiiiiiiiiiiiieet e dab e 70
Figure 37. CO2 annual QVETaZe.........covueriiriiniiiiiniieieeieeieesie ettt s 74
Figure 38. Annual average of LE ......c..ccccooiiiiiiiiiiiiiiceeeeeee e 76
Figure 39. Filling gap results in 2008..........cccoeiiiiiieiienieeieeee et 77
Figure 40. Filling gap results in 2000. .......c..coiiiiiiiniiiiinieeeeeeeeeseee e 78
Figure 41. Filling gap results in 2010, ......cccoiiiiiniiniiiinieeeecceeeee e 79
Figure 42. Filling gap results in 201 1. ..cccooiiiiiiiiiiiieieeeeeeeeeee e 80
Figure 43. The cumulative chart...........ccccoooiiiiiiiiiiniie e 82
ix

doi:10.6342/NTU202300497



Table Content

Table 1. Percentage of missing data during the entire study period...........cc.cceoveinnnnn. 21
Table 2. Input monthly average data in 2008 ............cccoeeieeiiieniienienieeeeee e 32
Table 3. Input monthly average data in 2009 ............cccoeviieiiiniiienienieeeee e 34
Table 4. Input monthly average data in 2010 ........cceeovieriieiieniiieieceeeee e 35
Table 5. Input monthly average data in 2011 ........cccoeviiiiininiiniiceeee, 36
Table 6. Neural network architeCture............coeevierieniiiienieneeeeeeee e 48
Table 7. LSTM archit@CtuIe. ......ccovevuiiriiriiriieieeierieeieete sttt 49
Table 8. Neural network architeCture............coevvverieniiiiinieniiceeee e 62
Table 9. Before filling inthe data............cccoooiiiiiiiiiii e, 71
Table 10. After filling in the data ............cccooviiiiiiiiii e 72
X

doi:10.6342/NTU202300497



Chapter 1 Introduction

1.1 Background and motivation

For more than 30 years, the eddy covariance technology (Figure 1) has been used
to measure the exchange of land-atmosphere, which includes greenhouse and energy that
can track the atmospheric disturbance in the atmosphere every half minute (Pastorello et
al., 2020); it is based on high-frequency (10-20 Hz) measurements of vertical wind speed
and scalars (CO», H>0, temperature), it provides an estimate of the scalar net exchange in
the source footprint area (Aubinet et al., 2012).

To climate change, the hydrology of the atmosphere has changed drastically in recent
years (Gleick, 1989). The atmosphere's interaction with fundamentals such as carbon
dioxide (CO»), latent heat (LH), and sensible heat(H) fluxes are indispensable. The data
was calculated by the eddy covariance instrument, combined with a sonic anemometer
and net radiometer; these instrument s can detect ambient air information.

Evapotranspiration is a combination of two independent processes in which water is
lost from the soil surface through evaporation on the one hand, and crops are lost through
transpiration on the other (Jensen et al., 1990), evaporation turns liquid water into vapor,
which is removed from soil, lakes, rivers and the humid environment. There has a

conversion process through solar radiation and temperature, which provide the energy.

1
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Insufficient vapor pressure and wind speed enhance the diffusion of water vapor in the

atmosphere (Granata, 2019). Considering the above reasons, solar radiation, temperature,

wind speed, and air humidity are the critical factors affecting the evaporation process.

Figure 1. Eddy covariance equipment (Fares et al., 2018)

Unfortunately, sometimes the instruments could malfunction, and maintenance and

calibration impact the operation of the instruments for a variety of reasons that caused the

instrument's failures, for example about 22% of the total measurements were found with

some gaps and poor-quality data at the Walker Branch Watershed (WBW) Amer Flux

site (Wilson & Baldocchi, 2001), and 35% at the duke site (Baldocchi et al., 2001). So,

there are so many types of gaps filling methods (Figure 2), such as nonlinear regression

techniques (NLRs), 3 the look-up table (LUT), marginal distribution sampling (MDS),

doi:10.6342/NTU202300497


硯丞 蔡
Evapotranspiration evaluation models based on machine learning algorithms—A comparative study
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the semi-parametric model (SPM) (Moffat et al., 2007), show these model’s advantages

and disadvantages.
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Figure 2. The gap-filling method through machine learning (Kim Y. et al., 2020)

Aside from the classic calculation method, gap-filling methods are based on data
calculation, so the situation is very suitable for machine learning because the machine
learning has an excellent algometric at the nonlinear data, like Dario Papale used artificial
networks to estimate carbon and water fluxes at six different forest station in Europe
(Papale et al., 2006), (Dou & Yang, 2018) used five types of machine learning methods
to estimate carbon and water fluxes (Dou & Yang, 2018), Goodrich estimated agricultural

nitrous oxide (N20), and the research used the machine learning method like neural 4

3
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networks and locally-weighted k-nearest neighbors (KNN) regression in the three

footprint areas, the NN and KNN performed similarly well.

There are many fluxes tower that was established around the world (Baldocchi et al.,

2001), and the tower record many data like Carbon Dioxide, Water Vapor, Energy flux

densities, including global radiation (Rg) photosynthetic, Temperature (Ta), Temperature

of soil (Ts) relative humidity (Rh), precipitation (P) and soil water content (SWC).

The eddy covariance method is the primary monitoring tool, and the instrument can

measure the environmental parameters; the measurements are reported on a half-hourly.

The instruments were used in many situations, such as in China there are many

environments type; the environment parameters were compared in those situations (Yu et

al., 2006), but because calibration or equipment failures result in occasional gaps in those

periods. A significant limitation of the eddy covariance technique is the need for turbulent

atmospheric conditions. Reject data was collected under low turbulence conditions based

on the friction velocity threshold (u*) (Papale et al., 2006). Data quality is critical to

scientific results.

In the past, the study used nonlinear regression techniques (NLRs), the look-up table

(LUT), marginal distribution sample (MDS), and the semi-parametric model (SPM),

which generally showed good performance, in recent years, many technologies have been
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invented and applied (Wang H. J. et al., 2015) This paper uses a residual bootstrap method
to estimate annual NEE, which provides good estimates for more frequent and less
frequent gaps. And then the method is Machine learning, such as artificial neural networks

(ANNSs), was slightly superior to the other techniques (Moffat et al., 2007).

In recent years, different extreme events and disturbances, such as droughts,
precipitation, hurricane, and heat waves, would change the environment's biodiversity
and growth patterns (Alkama & Cescatti, 2016). Therefore, the environmental factors
fluctuate very drastically, which may cause the traditional empirical model cannot to be
applied effectively. The neural network was inspired by the human brain, where hundreds
of billions of interconnected neurons deal with many types of information ng, 2003).
The model used many functions to reach the actual value that is not only used in the gap
filling but also the daily estimate (Kim et al., 2013), estimating the state-dependent biases
of a land surface model @ ang et al., 2012) or using in the satellite remote sensing data
(Ueyama et al., 2013). There are many different methods of machine learning, so this
study will compare different machine learning methods in the CLM stations.

However, in this paper (Khan et al., 2021) various machine learning methods,

including SVM, CNN, RF, and LSTM, are also proposed in this article to predict LE and
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硯丞 蔡
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it also includes remote sensing detection for the prediction of LE. The results show that

machine learning has a good predictive ability.

1.2 Research objectives

From the current global warming data (Figure 3), it can be found that the carbon
flux, evapotranspiration, and precipitation of the ecosystem will all be affected by climate
change, which will affect the development of the entire ecosystem because the rapid
climate changes (Hung & Li, 2020) conditions in Taiwan like an unusual typhoon event
(Webster et al., 2005) that often cause previous experience function cannot use effectively.

The eddy covariance instruments are often damaged by the environment or
malfunction by themselves. However, the current method of machine learning can

effectively fill it up.
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Figure 3. Climate change figure (TCCIP)
This research will use machine learning methods to estimate and calculate the CO»

flux and latent heat flux in the Chi-Lan mountain (CLM) site, through some of the more

commonly used models. By then, it is expected that the following goals can be achieved:
1. Establish climate models for flux predictions for CLM.

2. Explore the correlation coefficients between different inputs and outputs.

3. Filling the gap of the fluxes data in CLM.
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Chapter 2 Literature Review

2.1 Gap-filling techniques

In the study conducted by Moffat et al. (2007), the data from 10 stations were used,
and the R? and RMSE on the day-night and half-hour and daily scales between the various
gap-filling methods (Figure 4) were compared, respectively. It can be found that (Figure
5) the half-hour and R? during daytime were high and R? at nighttime was low, but the

RMSE was the lowest for day-scale nighttime.
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Figure 4. Comparison of the Gap filling method (Moftat et al., 2007)
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Figure 5. Comparing R? and RMSE (Moffat et al., 2007)

2.1.1 Non — linear regressions (NLRs)

Falge et al. (2001) summarized that many studies used one equation for ecosystem
respiration (ER) and used the other equation for the light response of the ecosystem to
quantify the gross primary production (GPP). For the condition during the nighttime,
there was no sunshine. Therefore, through the equation NEE = GPP - ER with GPP =0

in the night, that can fill the missing NEE values during the nighttime.
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2.1.2 Unscented Kalman filter (UKF)

The Kalman filter has been widely used and has provided an excellent method to
simulate nonlinear datasets, and the unscented Kalman filter (UKF) was developed for
time series where the data are autocorrelated (Gove & Hollinger, 2006). The method has
two steps. The first step is that use noisy measurement data to continuously update
nonlinear process model predictions, and the second step is to use the filter regression
equations to predict the subsequent desired data. Finally, combine the predicted data and
the observed data with improving the previous parameters. UKF was wildly used in many
kinds of forest situations, different observed parameters, and different types of climates
(Desai et al., 2008). However, the UKF has a severe disadvantage; if the dimensionality

needs to be increased, the calculation time will become very long.

2.1.3 Look-up tables and further developments

A look-up table (LUT) method can memorize the data, and the method can provide
estimates of model factors for each boom (Peng et al., 2012). In this case, the critical
factors were stored in a table, and then when encountered the instrument malfunction or

failure, searched the LUT and found the comparative figures filling the gap.
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2.1.4 The semi-parametric model technique(SPM)

The semi-parametric model technique (SPM) used a three-dimensional hypersurface
for net CO;, a nonlinear look table with light, temperature, and time (Figure 6); there are
three values in three-dimensional, So represents incident solar radiation, and T represents

temperature. Fy is calculated by the following formula (Stauch & Jarvis, 2006):

F,=f{ST.t}+e (1)

Fy (wmol m2 s

30

. 10
TSQ’C\

Figure 6. The concept of structure from SPM (Stauch & Jarvis, 2006)

11

doi:10.6342/NTU202300497


硯丞 蔡
A semi‐parametric gap‐filling model for eddy covariance CO2 flux time series data

JuangJY
檢查格式


2.1.5 Mean diurnal variation (MDV)

Mean diurnal variation (MDV) is an interpolation technique. The missing data will
be replaced with nearby day’s data which were averaged at that time of day (Falge et al.,
2001). In this article, it is shown that MDV performs better to fill in missing data for a 7-
day interval during nighttime and a 14-day interval during daytime. However, when MDV
is compared with the regression method, the performance of the annual sum is poor, but

if other meteorological variables cannot be used, MDYV is a good filling method.

2.1.6 Machine learning

machine learning (ML) techniques have overgrown in recent years swell et al.,
2005; Menzer et al., 2013; Schmidt et al., 2008); taking ANN as an example, this tool has
good regression capabilities and has a good performance in nonlinear perdition (Huang
& Hsieh, 2020). A neural network obtains the predicted output by inputting the previous
data and approximating the observed value through the function after training@ang,

2003),
Machine learning is not only applied to CO2 and LE but is also widely used in FCH4

(Kim et al., 2020). It can be seen from the figure (Figure 7) that machine learning has
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greater advantages over other traditional filling methods, no matter whether in long or

short gaps, On Bias, can get good results.

Extremely long gaps

Long gaps

Medium gaps

Short gaps

40+

o
(=]
M

Bias (nmol m?2 541)
=
i

Figure 7. Half-hourly bias error (Kim et al., 2020).

Site

WET.BB

WET.TW =

Model

WET.PT

RP.HPK

This study (Figure 8) is mainly located in Canada, including three different

ecosystem environments, the authors used four machine learning methods and a multiple

regression model MLR, machine learning models including ANN, GRNN, ANFIS, SVM,

it can be found that the predicted results of the machine learning models are better than

MLR, but each model has its advantages in different stations. It can be found that ANN

can get better results in CA-Obs, while ANFIS can get good results in CA-Oas, GRNN,

and ANFIS can get good results in CA-Gro, so different models may have their suitable

fields, but in general, machine learning can get good results in different testing stations.
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Figure 8. The results of the machine learning model and multiple linear regression

model (Dou & Yang, 2018)
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2.2 CO; gap-filling method

2.2.1  The concept of the CO, gap-filling method

Correction approach method is based on the value of the friction velocity(u*) and
selects a suitable friction velocity as an indicator for filtering data criteria and turbulence
strength or weak, the method can be found in the following articles (ghao et al., 2006),
(Moureaux et al., 2006).

The filtered approach method is based on the reasonableness of the data quality and
the elimination of the bad data, in which the environmental factors are matched and build

their relationships model, finally, filling in the missing data.

2.2.2 Friction Velocity Correction (u, correction)

It can be decomposed by the following equation, the vortex flow in the vertical

direction can be expressed as (Stull 1988):

Tz = —pu'w’ (2)

Ty = —pUW (3)

In the formula, T means the momentum of the fluxes(kg/m/s?), p means the air

density(kg/m?), u * v * w represents the x *y * z direction of the coordinate system.
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Momentum fluxes are also known as Reynolds stress (Tgeynotds» kg/m/s?), and the

formula can be rewritten as:

- .1 1
TReynoldsl = ((_pu,W’)z + (_pv’W’)z)z - (TJCZ2 + TyZZ)Z (4)
Reynolds defines the velocity of the eddy flux as the coefficient of friction, which is
expressed as follows:

——2 | 7 T (5)
u, = (u’W’Z + v’W’2)1/4 — (l Reypnoldsl)l/z

Friction speed is an indicator of the strength of turbulent flow development. If the
friction coefficient is greater than the critical value, the value of carbon dioxide will
usually be relatively stable. When there is a stable friction coefficient, the measured value

will be more reliable.
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Chapter 3 Material and Method

3.1 Workflow

The flowchart of this study is shown in Figure 9. The procedures can be divided into
the following steps. First, we processed the flux observation data and then conducted the
data filtering and correction. To put data into machine learning, we must first process the
data conversion and standardization before applying ANN and LSTM. After adjustment
and training, we can build a working model, and analyze the results for daytime and
nighttime trends of different input parameters. The results of the ANN models are then
compared and analyzed for sensitivity, and finally, the model performance is checked by

using different statistical processes.

Fluxes data

I I
i |
1 Fluxes Station Data i Model performance " Monthly' data
: | comparison I compafrlson
1
1 Meteorological data : T I
Filling heatma
I 1 ANN model 1 E H
: 1 Sensitivity Analysis 1 ‘I
1 1
l ' !
|
I

Gap filling

uopeIqIed pue J14

Select suitable model

1
[ 1

Standard Data
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[ ]
I
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Data Conversion

l
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]
1
1
1
1
1
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1
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1
1
: Gap filling data analysis
1
1
1
1
1
1
|
1
1
1

Machine learning

Figure 9. Workflow
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The CLM flux stations are then filled with data. The heat maps and monthly quartile
comparison maps are plotted for analysis, and the best model is predicted for the full-time

period and a four-year cumulative map via data analysis.

3.2 Study Site and Observation Data

The Chi-Lan Mountain (CLM) (Figure 10) site in northeastern Taiwan (24°35°N,
121°25’E), The elevation of the observation flux tower is 1650 meters, and it is a
southeast-facing direction with an average slope of about degrees. The vegetation type is
a warm-temperature coniferous and broad-leaved forest, with yellow cypress as the main
dominant species, and the average tree height is about 11 to 14 meters {Chang et al., 2006).
The meteorological parameters measured by the CLM flux tower include wind speed, air
temperature, wind direction, air pressure, relative humidity, net radiant flux, sensible heat

flux, latent heat flux, soil temperature, soil content, and soil heat flux.
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Figure 10. CLM station DEM and basic information.

CLM station height of about1600 meters, a latitude-longitude (121.412, 24.59108), and a

slope is about 15 degrees, located in Yilan County, Taiwan

Eddy current correlation measuring instruments are installed at 24 meters above the

ground surface, including an infrared gas analyzer (LI-7500 COH>0O analyzer, LI-COR

Co., Lincoln, Nebraska, USA) and a three-dimensional ultrasonic anemometer. The raw

data is sampled at 10Hz, and the data is transmitted to the data processor for storage. Raw

data acquired at 10 Hz were processed using postprocessing, including spike removal,

frequency response correction, sonic virtual temperature correction, the performance of

the planar fit coordinate rotation, and corrections for density fluctuation (WPL correction).
19
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The temperature profile measurement system is a thermocouple thermometer

(Thermocouple, Omega T-type) made by Donhua University's Hydrology and

meteorology Laboratory to measure the vertical profile. It is divided into nine layers, the

sampling frequency is 1Hz, and the average data of 2 minutes is stored in the data

processor (CR23X, Campbell Sci., Logan, Utah, USA). The carbon dioxide and water

vapor concentration measurement system are analyzed by a closed-circuit infrared gas

analyzer at 11 meters, and the air from the 8-story air is pumped to 11 meters by an air

extraction motor for analysis. The sampling frequency is 1 Hz, and it takes 2 minutes for

data to reach the data processor (CR1000, LI-COR Co., Lincoln, Nebraska, USA).

Other meteorological data were set up with a visibility meter at 22 meters, a net

radiometer at 22.5 meters, and a soil heat flux meter at a depth of 0.1 meters below the

sample area.

CLM station is strongly affected by fog and clouds, (Table 1) and the missing data

(data gaps) of meteorological factors are less than 2%, especially for wind speed, which

is due to the face that the wind speed is weak at night, so the instruments may not be able

to make accurate measurements.
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Table 1. Percentage of missing data during the entire study period

Gap% Ta Tsoil Rh Rn  Visibility Wd Ws

Day 1.3 1.3 1.3 1.3 1.4 1.3 6
Total 1.5 1.5 1.5 1.5 1.7 0.1 6
Night 1.8 1.8 1.8 1.8 1.9 1.8 7.4

The exchange of CO: in the ecosystem is mainly obtained through the following
formula, where NEE is the net ecosystem exchange, and GPP is the gross primary
production, which is mainly related to the ecological volume, and the ecosystem
respiration, R,.,, which is mainly the function of biomass and the environmental

parameters.

NEE = GPP + R, (6)

The latent heat flux is mainly related to the evapotranspiration in the atmosphere,
which can be derived through the following formula, where ET is evapotranspiration, p,,

is the density of water vapor, and L is the latent heat of vaporization.

1 (7)

LE =ETx 56400 * 1000 *Pw XL
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It can be found that CO: is negative during the day (Figure 11), and its time is mostly

from 6:00 am after the sun rises to 5:30 pm, which has a great relationship with the sun's

sunrise and sunset times because the exchange of carbon dioxide is mainly It is formed

through photosynthesis, so the ecosystem absorbs carbon dioxide during the day, so that

CO, enters the ecosystem during the day, so its value is negative, while it is positive at

night because carbon dioxide respires at night. Therefore, carbon dioxide is discharged

out of the ecosystem.

In the part of LE (Figure 11), the situation is the opposite. The peak of LE is around

10:00 am. This period is the time when the evapotranspiration in the CLM area is

relatively strong. LE is not high, which can be verified from previous journals (Gu et al.,

2021) there are many gaps at night, and the remaining ratio of day and night can be known

from the figure (Figure 12), in the CO; part of the day, there are about 29.61% of the

annual data, while the remaining 26.88% at night, and 29.61% and 26.88% respectively

in the LE part, it can be speculated that there are more missing values at night, mainly

because the turbulent flow is weaker at night, resulting in the value at night It is easy to

be shaved off, so the missing values of CO2 and LE account for 43.51% and 40.83%

respectively.
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Figure 11. The ensemble average of CO> and LE time series in CLM
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Figure 12. The gap precents of the CO> and LE in the CLM

The following is the heat map with missing data(Figure 13) in CLM. The X-axis
represents the hour, and the Y-axis represents the day. It can be found that during the
daytime, CO> presents a relatively deep negative value from 6:00 AM to 4:00 PM, and

the more extreme value can be as high as — 40 (umol/m?), and in the daytime, it is mostly
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around 0 (umol/m?), and the highest can be as high as 40(umol/m?), but it can be found
that the larger positive values are mostly sporadic, which may be because there are many
missing values in this period, so relatively large values are generated, while in LE Partly,
it can be found that most of the values from 6:00 to 16:00 are positive, and the values are
deeper and wider in summer and have a more obvious trend than CO>. However, in 2011
The data errors in the first half of the year may be due to the mis planting of data at other
times.

In summary, CO> has a larger range in the middle of the year, while LE has a larger
range in summer, and the higher values between the two are concentrated at noon in
summer, but most of the missing values can be found in the years are concentrated in
autumn and winter, which may be affected by the weak turbulence in this season, while
there are long gaps in summer, which may be due to incomplete data caused by typhoons

or heavy rainfall.
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Figure 13. CLM latent heat heatmap
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3.3 Machine learning algorithms

3.3.1 Aurtificial neural network

In this study, the ANN architecture will be used to test different layers, activation
functions, and various parameter adjustments to obtain a model suitable for CLM.
However, because the training time of the ANN architecture is much shorter than that of
the LSTM, the research selects a model that has a faster training speed and random
distribution of data and a time series that requires more continuous data for comparison
with LSTM.

ANN method (Figure 14) is a powerful tool to deal with such complex and
challenging problems and has been widely used to study the mechanism of climate change

and predict the trend of climate change(Zhang et al., 1998). The network structure
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includes three different types of layers. Arranged in order are the input layer, hidden layer,

and output layer.
Input layer Hidden layer Output layer
Xy —
Xy o

Xg —r

ofifelele

S0

w e O

Figure 14. ANN structure

3.3.2 Long short-term memory (LSTM)

LSTM is a technology extended from RNN and invented by Hochreiter (Hochreiter
& Schmidhuber, 1997). LSTM mainly improves some of the previous RNN problems (Ex:
memory design) (Sherstinsky, 2020).

The technology can more effectively predict the long-term situation than other

machine learning algorithms.
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LSTM can predict trends in long-term gaps more effectively than other ML

algorithms. The structure of the LSTM storage unit is shown in (Figure 15). The memory

unit includes a forget gate, an input gate, and an output gate. The forget gate is used to

filter whether the data memorized in the model is still valuable. Valuable data will be

used for this round of predictions and retained for the next round. This process will be

implemented through a Sigmoid function filter. The input gate and output gate are used

to evaluate whether the new input data is valuable and serve as the output value of the

neuron. In addition to the three-gate unit, there is a candidate value that will be used to

determine the size of the updated neuron. X is the input vector to the LSTM model in this

round of prediction; h¢.; and h; are the prediction results of the previous and current round,

@ is a sequence summation, ® is a matrix computing, google test the LSTM find the

most crucial gate is forgotten gate, the second is input gate, the least is output gate.
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Each neural has an activation function, which is mainly used for nonlinear
transformation and input to the next layer, where the feature in the data can be obtained
in the process, and it is easier to obtain a nonlinear line.

In this study, the types of the activation function can see in (Figure 16). The study
mainly uses linear and tanh activation functions (Ramachandran et al., 2018). The linear
function is more straightforward in terms of computation and partial derivation, but the

Sigmoid and other activation functions are not excellent in this case.

Sigmoid Function Tanh Function

1 = 1

0.5
0.5 - 0 /
05
i
0 = -1 ==
5 0 5 -5 0 5

Figure 16. Activation function types ((Nwankpa et al., 2018))

3.3.3 Performance Metrics

The performance of the techniques was evaluated by comparing observed fluxes and
predicted fluxes. The performance measures (Janssen & Heuberger, 1995) included the
root mean square error (RMSE), R-Square, and mean absolute error (MAE). Those

methods help us to know the performance of the prediction.
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R-squared is also known as the coefficient of determination. This method is used to
measure the performance of the regression model and can represent the ratio of the
independent variable x to the dependent variable y. The R-square can be calculated from
the following function:

i Xi-0)i—y)

2
RZ_
(JZ X - )2y — ¥ )? (8)

Where X; and y; are the observed and estimated values, x and y are the averages of

X; and y;, and n is the total of the parameters.

RMSE can be defined as the square root of the average of two differences. The lower

the RMSE, the more accurate the prediction model. The RMSE value of the perfect

prediction model will be 0. RMSE can be calculated from the following function:

RMSE—\/ (3 - yi)? (9)

MAE is also suitable for expressing the error between the predicted value and the

observed value. MAE can be calculated from the following function:
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n
1
MAE=;Z|yi—yi| (10)
i=1

Where y; is predicted value of y.

3.4 Input Variables for Training the ML Models

The model used those data (Figure 17) including air temperature, soil temperature,
relative humidity, net radiation, photosynthetically active radiation, visibility, wind
direction, and wind speed. The difference in the amount of data is large, and the visibility

values can be as high as around 3500(m), while other values are mostly less than 500.

CLM meteorological data
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Figure 17. CLM meteorological data
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(Table 2) is the monthly average of all meteorological data in all CLM stations,

among which Ta, Tsoil, Rn, PAR, Visibility, and Wd have the obvious seasonal change,

the phenomenon is most obvious in the summer, which product a peak in that season.
Table 2. Input monthly average data in 2008

Year Month Ta Tsoil Rh Rn PAR Vis wd Ws

Jan 898 472 96.04 65.08 102.59 1401.79 12339 1.23
Feb 6.17 296 977 5488 746 1049.44 13631 1.2
Mar 10.66 4.55 8691 77.89 138.27 1969.55 151.28 1.31
Apr 1528 8.15 91.75 96.17 173.25 188291 109.63 1.09
May 1644 926 9138 81.83 211.41 2083.56 113.25 1.29
2008 Jun 19.37 11.68 91.13 89.46 217.97 2469.48 98.15 1.4
Jul 20.1 12,71 92.02 784  220.5 251822 13476 1.5
Aug  20.08 12.74 90.49 101.76 237.62 237638 209.22 1.62
Sept  18.84 1243 9531 8232 171.25 2061.17 200.7 1.54
Oct 16.78 11.1 97.56 70.06 136.48 1407.32 180.58 1.29
Nov 12.16 795 96.05 5471 115.12 1611.37 194.02 1.28
Dec 8.67 43 8835 61.97 141  1831.41 203.6 141

Average 14.46 8.54 92.89 76.21 161.67 1888.55 154.57 1.346

Through the chart the study can find the relationship between the 8 parameters

(Figure 18), most of the parameters increase in July and August, and the temperature has

a high correlation with the soil temperature, but in the Rh, there is a peak value between
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September and October, and its value is close to 100%, while the value of Rn will
decrease a lot between September and October, from about 100 (w/m?) to about 50
(w/m?). 1t is speculated that it should be related to the cloud and fog during this period.
The formation is related, from the perspective of visibility, it can also be found that
visibility drops very seriously during this period. In particular, the value of wind speed in
winter is usually low, and it is concentrated at around 1.2 (m/s) in four years in October.
It is speculated that this may impact the gap The main reason is that the wind direction
shows that the value in 2008 is much lower than other years on average, which may be a

problem with the instrument.
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Table 3. Input monthly average data in 2009

Year Month Ta Tsoil Rh Rn PAR Vis Wwd Ws

Jan 6.17 1.72 9543 60.71 1243 1556.73 190.93 1.38
Feb 13.25 524 87.19 97.04 202.66 1996.56 207.88 1.15
Mar 12.44 102 89.86 111.112 20691 1812.58 194.59 1.2
Apr 12.31 10.49 96.54 71.66 13135 1608.78 202.34 1.52
May 1634 12.25 82.88 124.68 24937 2429.13 212.23 1.43
Jun 19.32 1497 90.07 98.56 199.21 243135 220 1.54
2009 Jul 20.52 16778 91.97 109.43 21631 234549 201.14 1.52
Aug 2059 1791 9296 99.77 197.11 2379.45 2052 1.55
Sept 18.8 16.73 95.08 87.5 163.55 1917.06 19197 1.55
Oct 1541 1471 9691 563 10037 1146.22 171.54 1.32
Nov 1276 12.14 96.18  64.5 118.5 1487.59 189.82 1.41
Dec 793 855 9555 5541 108.11 1408.22 186.09 1.23

Average 14.65 11.80 92.55 86.38 168.14 1876.59 197.81 14
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Table 4. Input monthly average data in 2010

Year Month Ta Tsoil Rh Rn PAR Vis wd Ws

Jan 8.83 725 90.67 61.72 127.8 1818.24 200.37  1.31
Feb 11.28 837  87.34 6847 14749 19763 201.28 1.28
Mar 12.23 9.7 89.62 97.75 181.84 1999.27 209.97 1.31
Apr 13.94 10.89 93.65 9399 156.61 184554 19947 1.21
May 17.78 13.58 9326 8§89.67 155.61 2044.51 208.18 1.18
Jun 19.06 1522 9042 8279 143.56 2301.68 210.02 1.24
2010 Jul 20.87 16.87 88.11 105.32 195.62 2634.99 225.82 1.55
Aug 2029 17.09 9226 89.67 177.68 2476.45 214.73 1.6
Sept 19.07 1671 9494 9419 16133 2215.84 199.38 1.51
Oct 15.54 1493 9848 57.41 86.68 141137 17891 1.25
Nov 11.78 11.32  96.87 52.88 80.57 1310.19 186.63 1.32

Dec 8.62 836  85.69 5472 11636 1936.78 204.56 1.4

Average 1494 1252 91.77 79.04 14426 1997.59 20327 1.34
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Table 5. Input monthly average data in 2011

Year Month Ta Tsoil Rh Rn PAR Vis wd Ws

Jan 5.03 5.35 100 477 6096 98553 17829  1.09
Feb 8.92 637 9324 7627 121.52 1762.07 195.76  1.16
Mar 7.77 7.01 9939 6722 9273 111532 177.79 1.02
Apr 13.58  9.17 85.1 103.56 161.89 214535 21344 1.33
May 177 13.41 9226 91.1 147.57 2187.84 208.78 1.22
Jun 20.22 1598 9224 98.94 166.61 2432.27 21537 1.45
200 Jul 2043 16.83 9146 97.64 169.59 2447 22287 1.51
Aug 2045 16.86 87.94 11895 200.03 2533.12 21435 1.68
Sept 1823 15.69 90.12 102.84 170.65 2036.28 203.01 1.53
Oct 15.16 1435 9884 5193 7371 1137.77 177.19 1.13
Nov 1435 13.01 98.06 55.65 8295 14739 1845 1.29

Dec 8.15 8.95 100 4223 4551 368.57 14291 1.28

Average 14.16 1191 94.05 79.05 12447 1718.75 19452 13
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Figure 18. Input data of monthly scale
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However, from the half-hour data (Figure 19), it can be found that the trends of each
parameter are quite similar, representing a relatively stable environment. In particular, it
can be found that some data in PAR in 2008 are higher than in other periods, but there is
no special increase in Rn. It can be as high as 1350 (W/m?), I think it may be the
relationship between the instrument, which also affects the monthly average value in May

and June, which is higher than that in other years.
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Figure 19. Meteorological figures
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3.5 Partial Derivation (PaD)

Derivate one of the variables in a multi-variable function through partial
differentiation to obtain the constant of other variables. It is mostly used in vectors and
widely used in machine learning because the slope of the parameters can be known, and
then the relationship between the parameters can be understood. The relationship between
and the degree of influence on the output.

A multivariable function that derivation one of the variables while keeping the other
variable constant, if (a, b) € Dom f, then the partial derivative of f at (a, b) for x is the

definition that can be written as the following function:

ax o h (11)

the partial derivative for y is:

af_ . f(arb+h)_f(arb)
oy~ m n (12)

Wherein, h and k are variable values. In this way, a poly variable function value can

be calculated concerning one of the variables, while keeping the other variables constant.
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Chapter 4 Results and discussions

4.1 Correlation coefficients for input parameters

Before the training of machine learning, the main study was carried out to plot the
correlation between individual parameters (Figure 20) which included 8 parameters, Ta,
Tsoil, Rh, PAR, Visibility, Wd, Ws, CO, and LE respectively for the input parameters.
The main reason is that there is a strong correlation between photosynthesis and Rn, so it
is assumed that Rn and PAR also play an important role in the machine learning model.
However, it can be seen that there is a high positive correlation between Rn and PAR,
with values as high as 0.67 and 0.62. The formula shows that LE is also controlled by Rn,
and PAR and Rn are already highly correlated, so these two values play important roles
in the machine learning model, but other parameters including Wd and Ws are somewhat

correlated with CO> and LE, which may have a greater impact on the model.
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Figure 20. Heat map of correlations between parameters

Furthermore, the R? of all the inputs and outputs were plotted in Figure 21 and
Figure 22. It was found that most of the parameters had no linear relationship with CO»,
and most of the R? values were close to 0. It is probable that the period used in the ML
data covers the whole period, including both daytime and nighttime. However, some
CLM areas at nighttime are more susceptible to the influence of many factors, which may
make the correlation between the parameters not high. If the model uses the parameters
separately, the ML model may have good results. The analysis result shows a clear

boundary in visibility at around 3000 (m), mainly because the visibility in the area can be
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as high as 3000 m for un-foggy conditions. Furthermore, there are obvious values in the
middle section and 360 (degree) section of the wind direction, mainly because the CLM
area is dominated by the mountain-valley wind system over different times of the day.
Therefore, the number of values in this period will be more than the other wind directions,
and the R? map can also be used as a reference point to characterize the difference between
machine learning and the generally linear relationship.

However, in the LE section (Figure 23, Figure 24), the results are similar to those
of CO, with the highest R? for input and output being Rn and PAR, with values of 0.5450
and 0.4796, respectively. It shows that LE is also influenced by solar radiation in CLM,
with stronger evaporation at noon, which further affects the potential heat flux in the CLM.
This indicates that LE is also affected by solar radiation in the CLM, with strong
evaporation during midday, and further affects the exchange of potential heat flux in the
ecosystem.

The relationship between each parameter and LE is shown in Figure 23, and Figure
24. 1t is found that some values of RH exceed 100 (%), which is a more unreasonable
value. The temperature and soil temperature have a similar trend, mainly because the soil
temperature near the surface is more influenced by the atmospheric temperature, but the
data were filtered in the subsequent data to facilitate the model computation and remove

the extreme values.
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4.2 Machine learning results

Before the training, the data were filtered to remove the extreme values. If the value
is larger than 97% or smaller than 3%, which is slightly higher than two standard
deviations, in the training completion, the data are standardized. It is less likely that the

data with too large a discrepancy will dominate the model.

4.2.1 Compare the R? relationship between different inputs

The following is the architecture of ANN (Table 6). ANN uses four layers, including
an input layer, two hidden layers, and an output layer. The maximum shape used is 64. If
too many nodes are used, the performance of the model may decline. However, After

testing, the activation functions that can be successfully predicted in this research include

46

doi:10.6342/NTU202300497



linear and tanh. Other functions may not be able to be effectively predicted due to their

limitations. The Batch size used is 100, which represents the data that machine learning

has seen once. If the model uses a smaller Batch size, the training time will be longer, and

Epochs are the number of times the model has to see the data completely. If the model

uses a longer time for simulation, the model will run to the specified number of times,

and it will stop. In this study, the data is divided into the training set and test set, and the

proportions are 80% and 20% respectively. In the past literature, the proportion of this

division is recommended, mainly because the training set needs to have enough data for

training, and the test set is an appropriate amount of data needed to verify the correctness

of the training results and ensure overfitting, which reduces the applicability of the data.

In the ANN model, the data will be randomly assigned to random numbers to reduce the

impact of the time series.
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Table 6. Neural network architecture

Layer Output shape Parameters Activation function
Input layer 1 Units = 64 320 linear
Hidden layer 2 Units = 16 1040 tanh
Hidden layer 3 Units = 4 68 tanh
Output layer 4 Units = 1 5 linear

Other information
Total parameters: 1433
LOSS = MSE
Learning rate: 0.001
Batch size = 100
Epochs: 500
Validation split = 0.2

The model architecture of LSTM is shown in Table 7. It shows that the number of

layers is the same as four layers, but there is a big difference in the activation function

and other settings. The activation functions used include linear and relu. After testing, it

shows that using relu is better than other functions, mainly because adding a little negative

value to the time series will help to make good use of data that is nonlinear and contains

signs. However, in this part, if the model uses a generally determined optimizer like Adam,

it will be unpredictable, but you need to use the optimizer of SGD so that the training set

will not be overfitted.

In addition, we found that training can not reduce the LOSS, mainly because LSTM

is a time series data model, so for 80% and 20%, it will cause the distribution continuity
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of the data, so it is necessary to use the SGD method to reduce the learning rate of the

model over time, and the model uses MSE to reduce the LOSS of the data just like ANN

to obtain close values.

Table 7. LSTM architecture

Layer Output shape Activation function
Input layer 1 Units = 16 linear
Hidden layer 2 Units = 8 relu
Hidden layer 3 Units = 4 relu
Output layer 4 Units =1 linear

Other information

Learning rate: SGD: 0.01, decay = 1e-6, momentum = 0.9
Loss = MSE

Batch size = 500

Epochs: 100

Validation split = 0.2

The comparison of the results for CO» prediction by ANN and LSTM is shown in
Figure 25, and it shows similar results with the journal published in Dou and Yang (2018),
the increase of parameters helps to improve the results. However, in the LSTM model,
the R? is increased from 0.7095 to 0.7138, which is an increase of 0.0043. The upper and
lower bounds are different for different inputs. For CO; with 4 inputs, the upper bound is
about 2~3 (umol/m?), but for 6 and 8 inputs, the upper bound is between 3~4 (umol/m?).
In general, it can be found that ANN outperforms LSTM in terms of R?* and MSE

regardless of the input. This may be because LSTM itself is not a random model but a
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time series model, when the data is split into 80% and 20%, it may cause the data to
change seasonally in the middle of the season, instead of using the full-year to predict, so

this study may conduct a more in-depth study on ANN.

(a) cLm €O, All time R? with dinput (b) cLM €O, All time R? with 6 input (€) cLm co, All time R? with 8 input
. . L N L L
R?=0.737 R?=0.733 R? = 0.7466
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MSE = 10.653 MSE = 10.6929 s MSE=10.53 3
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(d) CLM CO, All time R? with 4 input in LSTM model (e) CLM CO, All time R?with 6 input in LSTM model  (f) CLM CO, Al time R? with 8 input in LSTM model
R2=0.7095 R2=0.7118 R=0.7138
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MSE =13.03 MSE = 12.88
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Figure 25. The R? of the different inputs in CO;

(a) This figure is the ANN forecast of the CO, with 8 inputs. (b) This figure is the ANN forecast
of the CO, with 6 inputs. (c¢) This figure is the ANN forecast of the CO, with 4 inputs. (d) This
figure is the LSTM forecast for the CO, with 8 inputs. (¢) This figure is the LSTM forecast of
the CO; with 6 inputs. (f) This figure is the LSTM forecast of the CO, with 4 inputs.

Among the models of LE (Figure 26), it shows that the ANN model improves from
0.6783 to 0.7122 for 4 parameters, which is about 0.0339, while the LSTM improved
from 0.6610 to 0.6746 with an improvement of 0.0136. It can be found that the

improvement in the improvement of ANN is larger than LSTM, on the one hand, it may
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be because of the data with a large range gap. However, it is found that because the range
of LE is larger, the RMSE is also larger than that of CO», ranging from 41 to 49. Although
ANN performs better in R?, it shows that LSTM has a better ability to predict the off-
average value in either CO> or LE. The better ability of the LSTM to predict values far
from the mean may be due to the time series, as it is probably because the data from 10
days ago are used to predict the data of the next day. Therefore it has a better ability to
combine with the changes of the previous period. In summary, both ANN and LSTM
increase the prediction ability with the increase of parameters. Furthermore, ANN

performs better in predicting, but LSTM is easier to predict for the more extreme values.
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Figure 26, The R? of the different inputs in LE

(a) This figure is the ANN forecast for the LE with 8 inputs. (b) This figure is the ANN forecast
of the CO, with 6 inputs. (c) This figure is the ANN forecast for the LE with 4 inputs. (d) This
figure is the LSTM forecast for the LE with 8 inputs. (¢) This figure is the LSTM forecast for
the LE with 6 inputs. (f) This figure is the LSTM forecast for the LE with 4 inputs.

4.2.2 The R? between the different periods

After the comparison in the previous sections, it shows that 8 parameters can get the best
results, so in this section, the Eight parameters will be used to predict day and night.
However, the day and night boundary in the model for net radiation is 0 W m™. If it is
greater than 0, it means daytime, if it is less than 0, it means nighttime. It shows (Figure
27) that there is a big difference between daytime and nighttime after separation, ANN
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calculates the daytime results (Figure 27 b), the value ranges from -16 to 3 (u mol/m?)
during the day, while R? is about 0.67 and RMSE is about 3.43, which is an acceptable
value, but in At night (Figure 27 ¢) cannot be effectively predicted, and there is an
obvious boundary. The main reason is that there is no correlation between CO> and
atmospheric values at night, but is affected by more environmental factors and vegetation
so it cannot be effectively predicted at night, its R? is only 0.1276, but the RMSE is lower,
mainly because the value at night is more concentrated around 2 (p mol/m?), so the value
obtained is closer to the average value, so Lower RMSE can be obtained.

However, it is slightly different in LSTM (Figure 27 e). LSTM cannot be effectively
predicted during the day. Its R? dropped from 0.7138 to 0.5059 during the whole day, a
drop of about 0.2, which may be due to the Rn during the day. Most of the values are not
continuous with those of the previous period. Furthermore, it indicates that some values
in the observed values are greater than 0 (n mol/m?), but most of the predicted values do
not exceed 0 (1 mol/m?), so it may also be related to the activation function. After testing,
the parameter adjustment of LSTM during the day has not been effective, so only the
result with the highest test value can be used for analysis. However, at night (Figure 27
f). LSTM is also unable to effectively predict, and it is estimated that CO; at night has of

few time-series relationship.
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Figure 27, The R? of the different inputs in CO;

(a) This figure is the ANN forecast for the CO; in full-time. (b) This figure is the ANN forecast
for the CO; in the daytime. (c¢) This figure is the ANN forecast of the CO, at nighttime. (d) This
figure is the LSTM forecast for the CO; at all times. (¢) This figure is the LSTM forecast for the
CO; in the daytime. (f) This figure is the LSTM forecast for the CO; at nighttime.

LE (Figure 28) behaves similarly to CO2 on both day and night, but most of the
values fall in the range of -50 to 250 (W/m?), while the nighttime values are concentrated
around 0 (W/m?). The daytime values are positive, mainly due to the influence of solar
radiation and temperature during the daytime, which leads to more intense evaporation.
It is found that most of the values are still concentrated between 0~50(W/m?), but near
noon, the potential heat flux will gradually increase with time because of the stronger
radiation, while the daytime R? is 0.6429, and the nighttime (Figure 28 c) cannot be

predicted effectively like CO», and there is a boundary, which is presumably related to
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the model used. Although linearity is used for the final output layer, the boundary often

appears.
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Figure 28. The R? of the different inputs in LE.

(a) This figure is the ANN forecast for the LE full-time. (b) This figure is the ANN forecast of
the LE in the daytime. (c) This figure is the ANN forecast for the LE at nighttime. (d) This
figure is the LSTM forecast for the LE at all times. (e) This figure is the LSTM forecast of
the LE in the daytime. (f) This figure is the LSTM forecast for the LE at nighttime.

However, in the LSTM (Figure 28 e), the study can find that the prediction ability
also decreases in the daytime part, from 0.6746 to 0.5017 with a decrease of 0.1729. It is

presumably related to the discontinuity of Rn and CO; data. However, in the nighttime
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(Figure 28 f), there is no clear boundary as in ANN, and the prediction ability is better

than that of COs.

In the CO> (Figure 29) section, all the performance evaluations of ANN are better

than those of LSTM, and it shows that the R? (blue-green) has higher values of about 0.75

for 8 parameters in the full-time period, and the same for 4 (purple) or 6 (yellow) inputs.

However, the ANN decreases in the daytime, with the LSTM decreasing more, and in the

nighttime, neither model can predict effectively, so although the RMSE are both lower, it

is impossible to build an effective model.

CO, R - square

1.0
e Alltime CO, R-square
m Daytime CO, R-square
0.8 Nighttime CO, R-square
] ¢ ® 4 Input model
. 6 Input model
o 0.6
3
= [ ]
@
= 0.4
0.2
0.0
2 3 4 S

Figure 29. Comparison diagram of R? for each method
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In the LE section (Figure 30), it shows that the prediction ability of ANN is higher

than that of LSTM, and the highest value of R? is 0.7122 for the data of 8 parameters in

the full-time period. In the daytime data, the predictive ability of the data decreases, but

in the nighttime data, it is not possible to build a valid model. Therefore, the model can

use the nighttime data for more research in the future study.

1.0

0.8

0.6

R-square

04

0.2

0.0

Figure 30. Comparison diagram of R? for each method

LE R-square comparison

All time LE R-square
Daytime LE R-square
Nighttime LE R-square
PY 4 Input model
4 O 6 Input model
20...40'.l60 .80
RMSE

4.2.3 ANN model plus LSTM model

After the above comparison, it shows that LSTM may be affected in time series due

to the quality of the data and the discontinuity of the preceding and following time, and
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the results indicate that the missing value is up to 40% in CLM data, which may have a
great impact on the data.

Therefore, this section first uses the full-time 8-parameter ANN model to predict
CO; and LE and then puts the predicted CO> and LE into the LSTM model to get better
results. The result (Figure 31) shows that the value of prediction after ANN predicted
can get a very high R?, the value is as high as 0.8660, and LE (Figure 32) can also get a
value of 0.8939, which can show that the data is relatively complete and continuous in
some cases, LSTM can still get good results. On the one hand, it is because the increase
of the overall value can improve R?; To make the data more concentrated, the CO2 is
between -15~-10 (n mol/m?) and -4~4 (n mol/m?), the LE value between 0~100 (W/m?)
and 170~230 (W/m?) has an increasing trend, and the overall number of entries has
increased from 39,000 to 63,000. The increased data is helpful for the prediction of
seasonal changes, but care must be taken when using it because the values predicted by

ANN are not completely observed, so there are still some limitations in research.
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Figure 31. Results of ANN prediction of CO2
This result is that ANN predicts all the data and then uses LSTM to make predictions

59

doi:10.6342/NTU202300497



CLM LSTM LE

R? = 0.8660
RMSE = 47.52 * °

Prediction

0 50 100 150 200
Observation

Figure 32. Results of ANN prediction of LE
This result is that ANN predicts all the data and then uses LSTM to make predictions

4.3 Results of sensitivity analysis

4.3.1 Formulation of sensitivity analysis

To quantify the sensitivity of the CO; and LE values to the input and explore the
most dominant parameters under different climate conditions, the weight and Partial
derivation (PaD) methods were used in this study. The connection weights are divided to
determine the relative importance of various inputs. The method involves dividing the
hidden output connection weights of each hidden neuron into components associated with
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each neuron. The sensitivity of an artificial neural network model can be expressed as the

first-order partial derivative between the output variable and the input parameter and

relevant mathematical concepts will be presented below.

The ANN architecture (Figure 33) used one layer of the hidden layer and one layer

of the output layer. Previous sections pointed out that this architecture can effectively

predict fluxes. Because it is smaller in the selection of Units, plus layers the number is

small, so the efficiency of the operation is relatively well. The selected activation

functions include Tanh and linear. The data processing must first be standardized. The

Min-Max Standard method is selected in this model, the method will change the data from

0 to 1, and it is used in the input and output. Because the relationship between positive

and negative values can be reflected later, after experiments, it indicates that the

architecture has good results, and the parameter selection includes the following, the

learning rate is 0.001, the batch size is 1000, and the epochs is 1000, good results can be

obtained.
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Table 8. Neural network architecture

Layer QOutput shape Parameters Activation function
Hidden layer 1 Units =4 25 Tanh
Output layer 2 Units 1 1 linear

Other information
Total parameters: 25
Learning rate: 0.001
Batch size = 1000
Epochs: 1000

The following is the figure for neural network workflow:

Figure 33. ANN structure schematic diagram (Redrawn from (Nourani & Fard, 2012))

In this study, a four-layer network is used; the sensitivity of the artificial can be

expressed as the output variables and the first-order derivation of the input parameters,

which are input without processing as follows:
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The formula for the hidden layer is as follows:

14
Sp= NyWy, + z N; Wi (L3
i#p
Np = ¢(Sn) (15)
Also, the study has:
dSp W
an, = Ve (16)
dS, W
N, ~ " (17)
The first-order derivative of the output concerning the input parameter x,,is:
dN, 0N, ON,ON, (dNO 650> dN, 05,
dX, 0N, 9N,dN, \dsS,aN,/\as, oN, (18)

Which can be transformed into the following equation:
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dn,

ax, ~ ¥ (19)
dN, (20)
s, ¢'(Sn)

Then (30) can be brought into the following equation:

N,
oX

= o' (So)Wonn' (S)Wip (21)
p

Finally, the values of each point are added together to obtain the contribution of the input

value to the output value:

dJ No nh

oX,, = h=1¢o’(so)Woh¢h’(so) Whyp (22)

In this study, the formulation used the two activations function. The first one is linear,

and the second one is the tanh function. The two functions can express the linear (¢, (S,)

(Exp(25)-1)

I _ N2 .
Exp(25) +1° and the ¢, (Sp) = 1 — N*), According

=5S,), and tanh function (¢, (S;) =

to (29), we used the following formula:
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ONo _ Znh W,, (1 — NOW,
0X,  Lup-y " e (23)

The derivative is the input sensitivity, which can quantify the expected variation of
N,, where is the variation of X, on its input, while the other factors are relatively constant.
However, because each parameter has its range, the output cannot be used to determine
its influence. Because this study uses normalization, it can be used to express the relative
sensitivity. The relative contribution of the ANN output to the data set concerning the

input can be calculated by summing the squared derivatives of the input variables:

2

n (9N,
- 24
SSD, Edzl (ax )d (24)

p

The input variable with the highest SSD value has the maximum impact on the
output variable, and its sensitivity is affected by the following factors, (A) The number
of layers and the number of hidden nodes in the ANN, (B) The impact of the ANN data

set (C) The weight value of the ANN, and (D) The output value of the nodes.

65

doi:10.6342/NTU202300497



After the model is trained, factors one to three are fixed, and the influence of the
input parameters on the output is entirely influenced by the (D) factor, which can be

plotted to understand the weight value of each factor.

4.3.2 Results of the sensitivity analysis

This section is based on the previous framework for sensitivity analysis because in
the previous chapter, it was found that the R? differences in the 4, 6, and 8 parameters are
not significant, and most of the other stations only have the basic meteorological
parameters, so this analysis refers to the analysis of the ANN model with 4 parameters.
The results of this sensitivity analysis (Figure 34) are mainly calculated by partial
differentiation. It is found that the value of the X-axis falls between 0 and 1 after the Min
Max Standard, while the Y-axis is the result of differentiation, which is the small change
of each point for CO,. The other parameters do not have a fixed direction of change, but
the study can still find that they are concentrated in the part of Ta, where most of the
values are concentrated in the partial differentiation of 0.08, which is not large for other
values. The values of Tsoil are concentrated at 4 and Rh are around -13, which has a large

degree of variation for CO2 values.
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Figure 34. CO; Partial derivation results

However, for LE (Figure 35) section, the results show that the value of Rn also
shows a long bar, and its value is also negative, which means that it has a negative
correlation for LE. Furthermore, it decreases with the increase of its value, but the
empirical formula shows a positive correlation between them. It is because the model is

highly variable and will be affected by the function and learning rate, Epochs, and Batch
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size, but the study can know that the change in the value is very large for the partial

differential,
Ta PaD result
0 1
-1 —
=
o -2- -
W 3.7 =
L4+
-4 -
-5 T
0.0 0.5 1.0
Ta (Normalized)
Rh PaD result
=
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Figure 35. LE Partial derivation results
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partial differential, while the other values are more concentrated and the rate of change

between values is lower. The results show that Ta is concentrated between -3~-4, Tsoil is

concentrated between 3~4, and Rh is between 0.8~1, representing the change in the value

of the partial differential. From this analysis, the study can conclude that the change in

Rn has a very important contribution to CO; and LE.
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Finally, it is important to calculate the contribution of all parameters to the output.

The following results can be obtained through the previous SSD formula. For CO;

(Figure 36), the results indicate that the contribution of Rn and Rh is the highest, which

can reach 60% of the whole and 38%. The reason for the high contribution of the Rh value

is that Rh provides a stable value for the model to make predictions during the nighttime

period, so the contribution is relatively high. In contrast, Ta and Tsoil are almost the same

in this model. There is no contribution, which means that its value is closer to 0.

On the other hand, for LE (Figure 36), it is found that although Rn is the value with

the largest value change. Its contribution is not particularly high. Its value is about 35%,

and the contribution values of Ta and Tsoil are also relatively high, which means that

their values have a greater impact on LE for the model. Contrary to CO», Rh contributes

less to LE, which may be due to the long-term dataset. The value at 100 has no trend to

predict in LE with a large positive range. All in all, Rn is the most important value for the

model.
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Figure 36. SSD results

4.4 Analysis of the gap-filling data

4.4.1 Monthly data before and after filling

This section mainly explores the difference between the value after the model filling
and the original observed value, before filling in the data (Table 9). Before filling in the
data, the model must first fill in the meteorological data (Table 10) in the prediction of
data. In this study, the data with missing values of more than 14 half hours of
meteorological data were filled by using the average of the time in other years, while the
data with less than 24 half an hour of meteorological data were filled by selecting the
previous time to facilitate the continuity of the time series. After filling in the data, the
results present that the highest value is -2.07 (umol/m?) in 2008 and the lowest is -

3.17(umol/m?) in 2011. It shows that most of the values do not show many trends after
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filling in the data and then averaging, but there may be a big difference in the seasonality.
Therefore, the study will make a graph for discussion later.
Table 9. Before filling in the data

Fluxes CO, LE
(pmol /m*month) (W/m?/month)

Year/Month 2008 2009 2010 2011 2008 2009 2010 2011

Jan -1.99  -1.55 -1.85 -2.19 3438 2740 38.60 33.94.
Feb -1.65 245 -231 -2775 2630 48.75 43.59 4430
Mar -2.65 321 -3.10 -251 43.01 5221 49.03 32.76
Apr -2.67 -2.58 -3.11  -3.17 49.26 39.56 48.09 51.89
May -227 282 271 -242 50.05 63.78 5424 56.87
Jun -2.34 229 -1.83 -295 57.19 6385 57.60 69.01
Jul -1.84 275 -2.66 -3.02 5592 6932 6998 69.29
Aug -1.86 -2.89 -2.64 -3.03 6244 68.61 6820 79.39
Sep -1.52 -2.61 -2.04 -2.88 49.16 5836 60.65 63.70
Oct -230  -1.19 -1.77 -1.25 41.22 3836 39.01 3342
Nov -1.39  -1.67 -220 -1.83 3588 38.39 3237 38.77
Dec -2.05 -1.67 -2.17 -251 3856 3576 41.69 3595

Annual -2.07 231 -237 -3.17 5252 5038 5032 50.69

In the part of LE, it can be found that its value varies greatly from year to year, from
about 60(W/m?) before filling to about 50(W/m?) in 2009, 2010, and 2011. It can be
inferred from the table that the value is higher in June, July, and August before filling,

but after filling, its value decreases a lot.
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Table 10. After filling in the data

Fluxes COz LE
(pmol /m*month) (W/m?/month)

Year/Month 2008 2009 2010 2011 2008 2009 2010 2011

Jan -1.86 -1.88 -1.31 -3.83 32.16 29.00 39.01 58.64
Feb -1.51 -3.03  -2.10 -2.79 29.09 52.01 3630 46.97
Mar -2.82  -3.77 -326 -2.88 4737 60.16 48.09 32.19
Apr -2.82 285 -3.09 -397 5248 4699 56.66 5648
May -245  -3.13  -2.61  -2.59 5425 6623 6345 6640
Jun -220 233 -1.83 -3.62 6347 67.70 62.24 84.93
Jul -1.83  -3.10 -298 -335 7422 79.15 8495 &1.30
Aug -2.05 -3.74 -2.80 -348 65.02 88.43 83.96 100.48
Sep -1.35 354 -3.18 -292 56.02 78.13 98.48 70.07
Oct -1.62  -2.18 -4.02 -2.89 5596 60.58 6628 38.44
Nov -1.51  -245 -397 -3.01 40.17 59.64 48.02 48.98
Dec -1.97 -1.68 -2.86 -244 3631 5547 44.16 21.49

Annual -2.00 -286 -2.81 -3.17 5252 6234 60.78 60.19

However, during the one year year year (Figure 37), it usually declines first in spring,

rises and then falls in summer, rises in autumn, and falls in winter with the seasons, and

its monthly median value is concentrated between 0 and -5. It can be seen that the CO> of

the forest ecosystem is considered to be in a stable state during this period. The blue value

is the value after filling, while the pink value is the value after filling. It is found that if

the data is not filled in, there will be many extreme values in certain periods. It is because

there are more missing data this month, so it is easy to cause the quintile values to be

more abnormal. In 2008 (Figure 37), the results indicate that the value has more extreme

values in July and October, which often affects the average. However, it is found that the
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value is slightly lower than the median, which may be because of the night time during
this period. In 2009 (Figure 37), it is found that the quintile values difference in the winter
period is very large. The results shown in Figure 37, shows that this season has a large
number of missing values, and they are concentrated in the evening, which is the reason
for the large extreme value in this period. However, after the value is filled, the value is
approximately between 0~-5 (umol/m?). In 2010 (Figure 37), it can be found that
extreme values are also prone to appear in winter, and its missing values (Figure 41) are
also mostly concentrated in winter, while they are relatively stable in other seasons. In
2011 (Figure 39) the annual change is small, but there is a problem with the data in spring
(Figure 42), and the data shows negative values at night, so the discussion of the previous
seasons will not be discussed first. In winter, there are the same problems as before, but

except for spring, other trends are roughly the same as in other years.
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Figure 37. CO> annual average
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In the part of LE (Figure 38), it is found that the trend is generally higher at the end
of summer, and in 2008 (Figure 38), it shows that the quartiles after filling are smaller
than the value before filling, but the difference in the median above July, September,
October, and November is larger by (Figure 40). It indicates that the color is lighter in
the fall and winter seasons, which can reflect the narrower quartiles in that period, while
in the early spring, it can be found that there is a yellow color between 33 and 55, which
shows a lower value. In 2009 (Figure 38), the results show that the latter difference is
larger, (Figure 40). We can see that there are more missing values in this period, which
affects the distribution of quartiles, and after filling in the data, the study can show more
values with a day-night variation. We can find that there are more missing values in the
winter period (Figure 41), mostly after 4:00 p.m., and in the late winter and early spring
before 2011 (Figure 42), the data is not discussed because of anomalies, but the trend is
the same with higher LE in summer and lower in winter. However, because the
distribution of the missing values in (Figure 42) is mostly sporadic, the phenomenon of
a larger gap between the previous winter quartiles does not appear.

On the whole, it shows that the highest median values of LE quartiles are located in
July, August, and September, which are the seasons with high convection in summer,
about 75(W/m?) in 2008, and about 100(W/m?) in 2009, 2010, and 2011. This is mainly

because the CLM tends to have missing values in winter.
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Figure 38. Annual average of LE
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4.4.2 Heat map before and after filling

(Figure 39) displays the filled data of CO> flux, and this result finds that in 2008,
the CO» values mostly ranged from -20 to 10, with some larger values reaching about 20
at night, and mostly in the summer.

The values of LE (Figure 39) are significantly lower in spring and winter. The value

of LE is higher from 6:00 am after sunrise to 3:00 pm, mainly due to the solar radiation,
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while the value is mostly 0 in winter when the night time is longer, (Figure 40) is the
2009 CO; heatmap. The value mostly ranged from -20 to 20 (umol/m?), in the middle of
the day, the values are mostly negative, but there are some differences in the days of
276~286, the values are lower than the surrounding. Among the data not yet filled, there
is a long gap, but (Figure 40) 2009 CO; Filling gap results in the meteorological getting
the lower values, which causes no pattern in the middle of the days.

In 2010 (Figure 41), it can be found that most of the missing data are concentrated

in winter, and there are similar missing data on the CO; and LE figures. It may be mainly
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Figure 40. Filling gap results in 2009.
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because the wind is weak during this period, which leads to filtering out due to the QA
and QC, but after filling, the period between 286 and 308 may be due to the low net
radiation flux and lower temperature in the winter, resulting in lower simulate the data,
which indeed reflects that CO, and LE may be affected by solar radiation in winter.

In days 176 to 187, the simulated value is deepest in this section, mainly because
there is strong solar radiation in June and July, and at noon there are high temperatures
and net radiation, it can be found that the 5:00 am to the 3:00 pm in this period are deepest

yellow, and the LE is mostly dark blue, that was inflected by the solar radiation.
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Figure 41. Filling gap results in 2010.
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From the data in 2011, it is found that the trend is the same as before, and the lack

of value is concentrated in winter. In the part on CO; (Figure 42), it shows that there are

relatively strange lines between days 242 and 253, which may be because the instrument

was affected by the climate during that time. After filling in the LE (Figure 42), it

indicates that the value is more continuous and can truly show a deeper value between

days 176 and 187. The result shows that machine learning can also predict the more

extreme value of the year.
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Figure 42. Filling gap results in 2011.
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4.4.3 Cumulative chart

This part (Figure 43) shows the difference between the cumulative fluxes of the
model and the missing value of the annual cumulative amount. However, the CO, flux
value is converted into kilograms, which is easier to understand the meaning. It can be
found that most of the values in the CO; part are negative, so the value after accumulation
is negative. Before filling, the accumulated value is about 6~7 (tons ha! year™!), but after
filling, the value is close to 7~8 (tons ha™! year!), which shows that the difference between
years can be as high as 1 (tons ha! year!). However, it will have a great impact on the
overall annual estimate, and it is because most of the missing values are concentrated in
winter. In the second half of each year, there is usually a relatively large increase trend.
As for cumulative LE, it is converted to annual evapotranspiration (mm). The part of
evapotranspiration increases greatly in the winter period, because the value of
evapotranspiration itself is relatively large, and its impact on the annual total is greater
than that of CO», so when the missing value is relatively large in winter, there will be a
significant increase from the original 550 (mm year™!) to more than 600 (mm year™!), and

the increase is as high as 50-100 (mm year™!). Through the cumulative graph, we know
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which season has more missing values in the four years, and after the model is simulated,

the cumulative change after imputation can be known.

CLM 2008~2011 co, Cumulative Chart

Carbon assimilation (ton)

CLM 2008~2011 LE Cumulative Chart

800+ — Prediction

--- Observation

600

400+

200+

Evapotranspiration (ET) (mm)

2008
2009
2010
2011

Figure 43. The cumulative chart
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Chapter 5 Conclusions

Based on the results of this study, the conclusions and suggestions are shown as:

1. The fluxes of CO; and LE in the CLM are most affected by Rn, and it can be seen
from the monthly average data that each input parameter has a similar trend in
four years, except for the wind direction in 2008.

2. A good prediction model can be obtained through machine learning, which can be
used to fill in the missing data of CO» and LE.

3. After experiments, it is found that the neural network model of ANN has a better
prediction results than LSTM in all scenarios, but if there is continuous time series
data, LSTM has a better prediction ability.

4. The results of the day and night forecasts show that the highest R? can be found
in the whole period, followed by the daytime, and the predictive ability at
nighttime is very limited.

5. In the prediction of each parameter combination, it shows that the use of four
parameters Ta, Tsoil, Rh, and Rn can achieve good results. If more parameters are

added, the prediction ability will be improved with better performance.
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6. From the sensitivity analysis, it is known that both CO> and LE have the highest

contribution to Rn, but the contribution of LE to temperature is similar to that of

Rn.

7. Through the thermal power, quartile map, and cumulative map, it is found that the

lack of value is concentrated in winter, and it will cause the winter value to be

more inaccurate. The quartile value has the problem of overdispersion. The impact

is huge.

The research suggestions are as follows: machine learning methods have

gradually matured in recent years. However, because machine learning is mostly a black-

box job, due to the rise of explainable Al, it is possible to roughly understand some of the

internal situations of the model, so it can be used in it. Find some way to understand the

relationship between parameters for the model.

Finally, there are still many limitations in the filling of the flux. For example, the

selected station and geographical location, vegetation type, latitude, etc. will affect the

accuracy of the model. This study has previously experimented with the model

adjustment of the tea garden in the Pinglin area. The preliminary results found that no

matter how the model adjusts it, the ML can't get good results. After exploring, this study

found that because the tea garden is divided into the harvesting period and growing period,

there is no certain rule in the measurement of CO» and LE. However, in the forest, because
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there is no direct influence of human interference, this method is suitable for filling

compared to other stations. In the end, it is also found that the results after filling are also

very different, mainly because it will have a great impact on the annual carbon exchanges

of the ecosystem. It will affect the estimation of carbon uptake and carbon release.

Therefore, if the annual data can be fully estimated, it will help to know whether the total

carbon is in balance in the region and whether latent heat will affect the growth of the

ecosystem. It has a great correlation with temperature, so if the annual data can be filled

in, it will also help to understand the seasonal changes of evapotranspiration in this area.
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