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Gap filling method for evapotranspiration based on machine learning

LIU Kun, HE Qisheng, JING Chenlin, LI Jinyang, CHEN Li
(School of Earth Sciences and Engineering, Hohai University, Nanjing 211100, China)

Abstract: In this study, by selecting the wetland, farmland, grassland, tamarix chinensis, populus euphratica
forest and mixed forest ecosystem in the Heihe River Basin as studying objects, several machine learning algorithms
were chosen to simulate and interpolate the latent heat flux data, considering several meteorological factors
including the net radiation, temperature, soil heat flux, wind speed, relative humidity, and volumetric water
content of soil. These methods included multiple linear regression (MLR) , decision tree (CART) , random forests
(RF), support vector regression (SVR), BP artificial neural network (BPANN) , and deep learning ( DL). The
results show the following: (a)RF, SVR, BPANN and DL obtain the best results in different ecosystems with R* =
0.8 10 0.93, Ry =21.730 to 41. 731 W/m’, and M, = 12. 153 to 26. 129 W/m”, but the results of SVR in
tamarix and mixed forest ecosystems are slightly worse than other three methods with R* decreased by 0.01 to 0. 02.
The results of MLR are the worst with R>=0.6 to 0.7 and the results of CART are in between with R>=0.78 to
0.9. (b)By comparing whether soil moisture participating in the gap filling, it indicates that the participation of
soil moisture can improve the gap-filling accuracy of models to some extent with R* increased by 0. 01 to 0. 06.
(c¢) At the same time, the established gap-filling model was used to interpolate the evapotranspiration of other
years, and it is found that the accuracy of gap-filling result decreased in varying degrees. With comprehensive
consideration of the accuracy and stability of these models, it can be found that RF, BPANN and DL are more
suitable for the gap filling of evapotranspiration, and the participation of soil moisture can improve the accuracy of
three models.

Key words: machine learning; Heihe River Basin; latent heat flux; data missing; soil moisture; gap filling
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Table 1 Basic information of sites

S AR K&/ (°) desh/(°) T = it/ m H5A5 8 A i) FEI BRI (5 L/ %
SRR Hb s 100. 446 4 38.9751 T2 M 1460 2015-01-01—2015-09-25 40.3
] 2 e G i 100.4643 38.0473 e S R 3033 2016-01-01—2016-12-31 16.8
K R 100.3722 38.8555 A (FK) 1556 2015-01-01—2015-12-31 36.8
U ER e 101.1374 42.0012 TR 873 2015-01-01—2015-12-31 23.8
ARG 101.1236 41.9928 [EEZ0N 876 2015-01-01—2015-12-31 31.2
TR Ak 101.1335 41.9903 ks SR 874 2015-01-01—2015-12-31 34.3

SR AR A5 30 min YA B0 G: R FZE 0 LI EL I 5T ML 22 > Bk AAm AN SR i 2 I F1E R
S i ZE R LB Sy AR B R A MO A S R G RSN T iR g R | G
I AR X | RIS KR (R)ZE 2 em REE) o X TR A R G0, I /b S - SRR B K 4
[l s 2 P& S 10 B AR RUK , IR K R X 28 80K AR MR T LA G 7 DR e v s A TR
+ e I AR A XGRS R
1.2 HIEFALIE

T AR A AR TR WATE Rl — AN ECE G L, N T I BR 4S8 f B 9 2 5 X A2 SR s i) ] B
W T IR T A 28 I 28 TR BE 2 2T A YIRS S B i X g A8 0 — Ak 38, 13—k AR T .
(1)

x = xmin
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Table 2 Correlation between latent heat flux and meteorological factors
ZE T
€ R - — -
T M Ll £ HEH AR TRAH
L. 0.196 ** 0.072 ** 0.024* 0.238* 0.122* 0.020*
wE 0.642 * 0. 604 ** 0.592 * 0.603 ** 0.583 " 0.625*
AHXTR -0.492 ** -0.283 -0.333* -0.274 " -0.254 " -0.284 "
e Ry 0.803 ** 0.833* 0.789 ** 0.725* 0.697 ** 0.671*
+ e & 0.222* 0.682 ** 0.455* 0.266 ** 0.563 * 0.532*
F RS KR — 0.253* 0.425* 0.375* 0.299 ** 0.267 **

VE ;o JEAE 0,05 AT FXUI AR 5 o SEAE 0. 01 KT F XU A
R3 6 MHRFIRBEREMNFBIPER

Table 3 Gap-filling results of latent heat flux using six machine learning models

To AT KR EEfane: 1N AR &3
ERRG TBETR
R Ryse/ (W + m™) M/ (W - m™) R Rysg/ (W +m™) M/ (W m™)
MLR 0.715 64.272 47.952
CART 0.872 51.223 31.813
S RF 0.914 41.731 25.753
SVR 0.914 41.618 25.539
BPANN 0.918 40. 659 25.230
DL 0.918 40.597 25.129
MLR 0.709 35.172 26.156 0.712 34.901 26.150
CART 0.901 25.129 15.135 0.905 25.084 15.078
e RF 0.916 22.909 13.261 0.925 22.279 12.769
i SVR 0.919 22.419 12.704 0.928 21.730 12.153
BPANN 0.913 22.889 13.324 0.925 22.139 12.959
DL 0.914 22.794 13.265 0.925 22.542 13.254
MLR 0.693 68.642 48.747 0.707 67.070 47.774
CART 0.835 50. 496 28.845 0. 896 40. 169 23.613
RF 0.873 44.170 25.376 0.929 33.056 19.199
A SVR 0.876 43.876 24.816 0.927 33.498 19.305
BPANN 0.876 44.013 26.353 0.931 32.536 19.297
DL 0.878 42.840 25.503 0.928 33.176 19.833
MLR 0.678 63.171 44.115 0.682 62.773 44.0064
CART 0.839 45.029 23.811 0.876 39.285 20.231
o RF 0.879 38.631 19.731 0.912 32.955 16.173
SVR 0.873 39.787 19.371 0.897 35.742 18.013
BPANN 0.879 38.809 20.482 0.912 34.244 18. 086
DL 0.876 41.652 21.365 0.914 32.732 16.109
MLR 0.634 57.470 39.000 0.637 57.194 38.986
CART 0.781 44.486 25.417 0.813 41.044 23.200
R RF 0.834 38.733 21.548 0.863 35.239 19.261
SVR 0.833 38.954 21.352 0. 868 34.730 18.859
BPANN 0.837 38.383 22.014 0. 865 35.312 20.071
DL 0.832 39.453 22.776 0.867 35.816 19. 844
MLR 0.644 52.899 39.257 0. 654 52.139 39.053
CART 0. 808 39.106 21.938 0. 868 32.369 17.682
e ‘RF 0. 860 33.142 18.278 0.915 26.267 14.270
SVR 0.862 33.015 17.804 0.895 28.79%4 15.981
BPANN 0.862 31.757 18.801 0.911 26.446 15.385
DL 0.863 32.345 18.047 0.914 26.965 15.855

AT AR AR B R SR A A R T A AR

AR B RGURIFAR AN R PE RBCHS LLH R (R*>0. 83 ), Horb Bl F AR HIASEAU 25 S i
HUERR L BRI G AR, ST MBS R s

H13% 3 A1, MLR {ERERR A S R R B i 22,

RUTR N T H A0 2 e 2 R AR Lt
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Fig.1 Change of daily soil moisture in farmland, woodland and grassland
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