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A comparison of methods for gap-filling
sensible and latent heat fluxes In different climatic conditions

Erkka Rinne (erkka.rinne@fmi.fi), Henriikka Vekuri, Mika Aurela & Juha-Pekka Tuovinen

Eddy covariance flux measurements need to be gap-filled when utilising the Results
data for the calculation of _annua] balances. The measurement techruque tself is  MDS produces a systematic negative error increasing towards higher latitudes for both sensible and
prone to errors and technical failures may also lead to gaps of various lengths. latent heat flux. more pronounced during the davtime
Gap-filling of the flux time series is typically based on estimating statistically o P J y ) | |
representative values based on various environmental variables through linear « The modified version, MDS DT reduces the systematic error and results in closer to zero biases overall.
regression, lookup tables or machine learning methods. « XGB machine learning algorithm performs best of the studied methods.
A large number of methods for the imputation of energy fluxes have been B MDS I MDS DT B XGB
applied and compared in recent literature (Zhu et al., 2022; Mahabbati, 2022; B
Khan, Jeon, and Jeong, 2021, Foltynova, Fischer, and McGloin, 2019). Both Sensible heat flux
latent and sensible heat fluxes are strongly driven by the incoming solar Da ) Night
radiation, and it is usually used as an independent variable in gap-filling 1. y _ J
methods. Vekuri et al. (2023) showed that marginal distribution sampling . o7
(MDS), a widely used method for gap-filling carbon dioxide fluxes, creates b= T + *(- |
a systematic bias in higher latitudes, where the distribution of incoming § 07, ﬁi | WP I *‘P #ﬂ‘ ﬂ
radiation is highly skewed. ;" o
S 11 ) -
We assessed the performance of MDS in predicting sensible (H) and latent m
heat (LE) fluxes and also compared against a machine learning algorithm
(XGB) as well as simple linear regression (LR). Measurement data is from the -2
Northern hemisphere sites in the FLUXNET2015 dataset (Pastorello et al., Latent heat flux
2020). :
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VDS Marginal distribution sampling lookup table (Reichstein et Each point % *{i 1 i
al., 2005). Drivers: SW_IN, VPD and TA ¥ N -0.5- * ]
MDS DT Modified version of MDS taking into account radiation Each point _10.
skewness ' 1
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Localised linear regression against incoming radiation, Latitude (degrees north) Latitude (degrees north) Latitude (degrees north)
training window at least 20 samples and up to 28 days 20 fold
wide.
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L TS e during daytime, no similar systematic error in high latitudes  Assuming the same systematic
filtering » Net radiation could work even better, especially during nights error for all gaps leads to a total
%% 100% annual energy imbalance of few
_ B VDS EEE (R megajoules.
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