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Comparison of Gap-filling Methods for Long-term Continuous Missing Data in
Carbon Flux Observation by Eddy Covariance Method of Forest Ecosystem

ZHOU Yu"??, HUANG Hui"*?, ZHANG Jin-song"**, MENG Ping"*?, SUN Shou-jia'**
(1. Research Institute of Forestry, Chinese Academy of Forestry, Beijing 100091, China; 2. Key Laboratory of Tree Breeding and
Cultivation, National Forestry and Grassland Administration, Beijing 100091; 3. Co-Innovation Center for Sustainable Forestry in
Southern China, Nanjing Forestry University, Nanjing 210037)
Abstract: There are often 20% to 65% data-missing in annual carbon flux observed by the eddy covariance method
in the mountainous forest ecosystem, and there may also be continuous data-missing for a long period, as long as
half a month, or even a month. To obtain complete and reliable flux data, reasonable imputation methods need to be
adopted to impute the missing data. To explore the validity and performance of different gap-filling methods, five
types of data-missing sets were generated with consequent 1 day, 3 days, 7 days, 15 days, 31 days data missing
randomly and repeated 10 times, using the half-hourly NEE(Net Ecosystem Exchange) data in March 1st-November
30th, 2017 of a mixed Quercus variabilis plantation ecosystem in North China low-hills regions calculated by
EddyPro as a benchmark dataset, then Mean Diurnal Variation with fixed window(MDV), Mean Diurnal Variation
with variable window(MDC), Look-Up Table(LUT), Non-Linear Regression(NLR), Marginal Distribution
Sampling(MDS), and Atrtificial Neural Network(ANN) were used to interpolate the artificial sets. By comparing the
imputed data with the actual observed data, the interpolation accuracy, stability and scope of each method were
evaluated through statistical parameters. The results indicated that the effect of interpolation at daytime was
significantly better than that at night. During the daytime, when the consecutive missing was less than 15 days, the
R’(coefficient of determination) between the interpolated NEE and the observed NEE of ANN was relatively higher,
and that of NLR was lower, the Relative Root Mean Square Error(RRMSE) between the interpolated NEE and the
observed NEE of LUT was lower, and that of NLR was higher. When the deletion reached 15 consecutive days,
except for the significantly lower R? of NLR(P<0.05), the difference of R? among other methods was not significant;
the RRMSE of LUT was significantly lower (P<0.05), and the difference of RRMSE between other methods was not
significant. When the deletion reached 31 consecutive days, except for the significantly lower R* of NLR(P<<0.05),
there was no significant difference in R* and RRMSE among the methods. The Mean Absolute Error(MAE) of MDV
had more outliers, and the MAE between the methods began to differentiate trend. As the length of the missing
fragments increased, except for MDYV, the R? of other methods showed a downward trend and there was a significant
difference between the consecutive 1d-data-missing and 31d-data-missing scenarios(P <<0.05). Moreover, the
RRMSE of MDV and MDS showed an increasing trend and there was a significant difference in RRMSE between
the continuous 1d-data-missing and continuous 31d-data-missing scenarios(P<<0.05), while the difference of
RRMSE of other methods was relatively insignificant. At night, in each data-missing scenario, the R*> of ANN was
higher, and that of LUT was lower, with a significant difference(P<<0.05); the RRMSE of LUT was the highest,
which was significantly different from other methods(P<<0.05). In the scenario where the deletion was greater than
31 days, the difference of RRMSE of each method was not significant; except for LUT which had a significantly
higher MAE(P<0.05), there was no significant difference in the MAE of other methods. As the length of the missing
fragment increased, the R? of MDC, MDS and ANN showed a downward trend, and there was always no significant
difference in R* between MDV and LUT; moreover, there was no significant change in the RRMSE difference of
each method. The performance of the MDC method was relatively optimal in terms of restoring the daily change
trend of NEE on the 0.5h scale of a typical sunny day. Due to the difference in interpolation strategies, the effects of
different gap-filling methods were different. ANN generally worked well, while the NLR performed relatively poorly;
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LUT performed significantly better during the day than at night, with an underestimation of NEE at night. There was
no significant difference between MDV, MDC and MDS. What’s more, the imputation effects of different gap-filling
methods were related to the duration of continuous data missing. In conclusion, NLR is suitable for scenarios where
weather data is complete and NEE data is missing for less than 7 days. MDV and MDC are suitable for weather data
that is unavailable or missing severely, and NEE data is missing for less than 15 days, but MDC is preferred. LUT
and MDS are suitable for weather scenarios where there are fewer data missing and NEE data missing continuously
for less than 15 days. ANN has relatively wide applicability and can be used in scenarios where there are fewer
meteorological data missing and NEE data missing continuously for up to 31 days. In addition to site factors,
differences in time steps and window sizes selected by different gap-filling methods will also affect the result of the
imputation of missing flux data, which in turn affects the applicability of each gap-filling method. As this study only
considered a single site with one-year data of carbon flux, except winter, the actual missing distribution was ignored
when constructing the artificial data-missing sets and the selected gap-filling methods had different time steps and
window sizes, the result may not be applicable to all sites, but it can provide a reference for the selection of
gap-filling methods for other sites. At the same time, the carbon flux data obtained by the above methods may be
quite different from the actual, significantly overestimated, if the data-missing was caused by the influence of
abnormal weather such as precipitation and dew, especially MDV and MDC which not considering meteorological
factors. To accurately estimate this part of carbon flux, a better way may be combining the open-path eddy
covariance observation system with the closed-path eddy covariance observation system to find out a corresponding
data correction method.

Key words: Eddy covariance; Gap-filling; Net ecosystem carbon exchange; Mean Diurnal Variation(MDV) ;
Look-Up Table(LUT) ; Non-Linear Regression(NLR) ; Marginal Distribution Sampling(MDS) ; Artificial Neural
Network(ANN)
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Table 1 Description of five gap scenarios
FRK BRI BRI P B S 0.5h R RO s AN R T B R IR 4 0.5h USSR R s
Unit gap length(d) Nr. of data-points on the 0.5h scale in unit gap Nr. of unit gap in scenario Nr. of data-points on the 0.5h scale in scenario
1 48 30 1440
3 144 10 1440
7 336 4 1344
15 720 2 1440
31 1488 1 1488
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Fig. 1 Statistical parameters of the daytime NEE datasets obtained by six gap—filling methods in five types of gap scenarios
(Mar. 1st-Nov. 30th, 2017, Rg>20W-m 2, 0.5h data interval)

TE: NEE MRS RYGHASHE (umol-m ™™, LA CO, R IR, Reg AREES (W-m™). R* Nifikh T3 NEE 552 NEE
MIHRGE 280, RRMSE A B 7 RR %, MAE PR R 7 . MDV 4 & & H-F) B RCEE, MDC R & FF3 B R
AAik, LUT N#EKD, NLR OYARZIERIFVE, MDS il fror A REE%, ANN Y N THZM %, 1QR NI ArsE, 25%~

T5%m T LR EL (Qs AT Q) IXTB A IIEUEVE TAEE A, B Ri% 705109 Qs+1.5IQR A1 Q—1.5IQR. R,

Note: NEE is net ecosystem carbon exchange(umol-m >'s ', based on the amount of CO, substances), Rg is global radiation(W-m %), R?
is coefficient of determination between measured NEE and predicted NEE, RRMSE is relative root mean squared error, MAE is mean
absolute error, MDV is mean diurnal variation with fixed window, MDC is mean diurnal variation with variable window, LUT is
look-up table, NLR is non-linear regression, MDS is marginal distribution sampling, ANN is artificial neural network. IQR is
interquartile range, and 25%—75% shows that the data between the upper and lower quartiles (Q; and Q) fall within the rectangle, and
the upper and lower edges are Q;+1.5IQR and Q,;— 1.5IQR, respectively. The same as below.

®2 REBKBERTAESAFENFASHIE NEE BE R* £ ELLEFR (Duncan %)
Table 2 The multiple comparison of R? of the daytime NEE datasets obtained by six gap-filling methods in five types of gap
scenarios (Duncan method)

AR A B FE Gap(d) MDV MDC LUT NLR MDS ANN
1 0.305bA 0.317bA 0.311bA 0.076cAB 0.298bA 0.370aA
3 0.298abA 0.238¢B 0.280abcA 0.098dA 0.246bcAB 0.326aAB
7 0.283abA 0.263abAB 0.253bAB 0.070cAB 0.235bB 0.313aABC
15 0.250aA 0.226aBC 0.258aAB 0.037bBC 0.210aB 0.284aBC
31 0.222aA 0.154aC 0.189aB 0.016bC 0.146aC 0.239aC

e A7/ NE P RER R A — R A R AN SR TR ITE 0.05 KPRz R B W — 4K S ERER R A — i fh T VATEAR
[FIER KA 5 AE 0.05 K BRI ZERBZETE. T,

Note: Lowercase in the same row indicates the significance of difference at 0.05 level between different gap-filling methods under the
same deletion scenario, while uppercase in the same column indicates the significance of difference at 0.05 level of the same gap-filling
method under different deletion scenarios. The same as below.
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A ANN J5 51 R AE3E4E 3d Bk 54 31d Bkt
TR ZREE (P<0.05) ; MDV i R* 14
2SR

WK 16 fios, fEEELLEA<15d I, LUT J7ik
40 45 1 6] NEE 5 Sl {6 NEE [8] ) RRMSE (A
YRR E) BT H e, PIMEE 04
i WREFIN, SAEORES, BTEES: 31d
BB ST, WMEREWKR, HMBONEHEG MDV.
MDC Al MDS J5% ) RRMSE #E3E4E 1. 3 F1 7d Bk
RAGR R IBIEUN, RS 15d FES: 31d B
BN ZE B NLR 1 ANN J575 /) RRMSE %
FVEEMX RS, fEEELE 31d SRS, EA
WK, AR N B

HEE 3 Al4n, 7EELE 1d RS, LUT ik
) RRMSE 1%, NLR J7¥:/ RRMSE f &, 55
TR EER (P<0.05) ; {EE4: 3d FiEs:

7d BRAE SRS, LUT /774 RRMSE 4551, NLR
J7i% 1 RRMSE 5, {H5 MDS Hi%EZERANRE,
5 MDV. ANN JEZEREE (P<0.05) ; MEkk
IEFELE 15d I, LUT J77:1) RRMSE 8%, S5H
CTEE BFHER(P<0.05), 1 H & J7i%H RRMSE
ERARE; MERIAENES: 31d B, &L
RRMSE TGl % 7% 5. B 6K v BUK B i3 m,
MDV F1 MDS J5i: /1 RRMSE 23 ki, %4 1d
R IES: 31d Bk IESC N RRMSE Z 7 2% (P
<0.05) ; HEJEM RRMSE Z F XA R .
W 1c Piw, FEEELLEAR<15d I, &idikhTT
7%Frf3 H 8] NEE 5 SZill{ NEE [H]ff] MAE (P44
YRz TR ZES, SMEONE Y fEESLEK
31d 155N, MDV [ MAE H I 2 55418,
752 181/ MAE FF 46 H B e ka3

®3 AEBREKERTAREGEBAFTSEHIE NEE 5#E45% RRMSE £ EEEE% (Duncan j%)
Table 3 The multiple comparison of RRMSE of the daytime NEE datasets obtained by six gap-filling methods in five types of

gap scenarios (Duncan method)

Bk A B Gap(d) MDV MDC LUT NLR MDS ANN
1 0.615bcB 0.615bcB 0.385dB 0.707bA 0.639bB 0.584cB
3 0.622bcB 0.665abAB 0.403dB 0.689aA 0.663abB 0.592cB
7 0.641bcB 0.652bcAB 0.453dAB 0.718aA 0.679abB 0.615cAB
15 0.639aB 0.658aAB 0.454bAB 0.710aA 0.688aB 0.615aAB
31 0.748aA 0.721aA 0.606aA 0.740aA 0.770aA 0.675aA

22 AEFGZERERE[IMGRAELE

W 2a iR, 5HIEEREGHME RAFE, 17F5
B RAE R, WA RGN/ NEE 552l NEE
] ) R® M3m 5/, ARG AN 712 00 R SR 2A4E 0.2 LA
To LUT (EHRE) I RPWBLIRA, HAised Hi
T 0; MDV (& & P B R A 1) R A
PRaE, BRI BN JE W AR ANN
CNIAZME) ) R BMEA R 5, (BIRAAEALE
WK, RBoetirz, BE TSR A B N
SyAiE TR AEIESRER A B E] 7d i, K07
T RP A TARSE, Z ROk, s Ek
FrBOENE 15d i, MDC (RJ 286 P 3B A4k,
%) MDS GAFRIATRAEE) 1 NLR (JEZtEAH
FNE) R ETRE.

M 4 7, ERBERS R T, ANN BiLM R
B, LUT HiEH) ROBIR, 2z zEREE (P

<0.05) ; TEESRE T BKERT 3d KIS,
ANN 5 MDV. NLR 71 R MEFABLE, 4
AR BOAE] 15d 1B SRR, ANN 5 MDS 77
PR RPEIMBEZER (P<0.05) ; MEELLEK
Bk 31d I, ANN 5 MDC 7700 R? 535 2
7 (P<<0.05) . BfFHRE BRI, MDC.
MDS Fl ANN J5v ) R* & FF#%, MDC 1 MDS
DA ESE 7d Bk 5L 31d BTSSR IR 2 5%
B3 (P<0.05) , ANN FIE{EIESE 1d fANESE 3d 6
S GESE 15 MIESE 31d BUE S = T IO R 2 57 B35 (P
<0.05) , MDV 5 LUT J7 ¥l RPIGLR L BE 2 H .
W 2b fis, TEEFERRNESCR, LUT i
NS 18] NEE 55231 NEE [a]ff) RRMSE (F %4
HRRZE BHEmTHRE L, TREELLE 0.9 L
b, HARZEMRR, 2B NG NLR 1 MDS
775K RRMSE 764 4L 1d FESE 3d Bk i 5 N sh
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Fig. 2 Statistical parameters of the nighttime NEE datasets obtained by six gap-filling methods in five types of gap scenarios
(Mar. 1st-Nov. 30th, 2017, Rgs20W~m_2, 0.5h data interval)

F4 REBKBERT ARG ARG ESEE NEE B8 R ZEEKFR (Duncan %)
Table 4 The multiple comparison of R? of the nighttime NEE datasets obtained by six gap-filling methods in five types of gap

scenarios(Duncan method)

2 B FE Gap(d) MDV MDC LUT NLR MDS ANN
1 0.031bcAB 0.051abA 0.012cA 0.040bcA 0.051abA 0.082aAB

3 0.040bcA 0.053bA 0.015¢cA 0.059bA 0.071bA 0.108aA
7 0.025abAB 0.032abAB 0.014bA 0.034abA 0.040abAB 0.047aBC

15 0.036abAB 0.025abcBC 0.009cA 0.021abcA 0.018bcBC 0.039aC

31 0.017abB 0.006bC 0.005bA 0.031aA 0.004bC 0.033aC
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*5 HLBKERTAESGAREHFTS%IE NEE $#E5% RRMSE £ ELLi5% (Duncan %)
Table 5 The multiple comparison of RRMSE of the nighttime NEE datasets obtained by six gap-filling methods in five types of
gap scenarios (Duncan method)

2 B FE Gap(d) MDV MDC LUT NLR MDS ANN
1 0.683bcA 0.711bAB 0.958aA 0.677bcA 0.626bcBC 0.614cA
3 0.661bcAB 0.698bAB 0.945aA 0.645cA 0.617cdC 0.587dA
7 0.702bA 0.693bAB 1.0252A 0.667bcA 0.646bcABC 0.615cA
15 0.628bcB 0.669bB 0.982aA 0.630bcA 0.672bAB 0.597cA
31 0.667bAB 0.738bA 1.037aA 0.673bA 0.693bA 0.664bA

2.3 AEFGFHEBBXHTUHEBRI SRR
NIRFEAR R JTEEAE 0.5h R B H ARk (3 E 2%
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Fig. 3 Variation curve of the daily change of NEE filled by six gap-filling methods under five types of gap scenarios in a typical
sunny day (May 25, 2017, 0.5h data interval )
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