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Optimization method for alpine lake turbulent flux data based on micro-meteorological in-
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Abstract: Source area partition and quality filtering can improve the dependability of eddy covariance (EC) flux data while reduc-
ing its temporal consistency. Here, we constructed an ultra-wide artificial neural network ( ANN) structure based on the Tensor-
Flow framework. For the ANN inputting feature information selection, we attempted to establish feature vectors utilizing adequate
thermodynamic forcing information of micro-meteorological background. The temporal consistency of EC data was optimized by inter-
polating with the ANN modeled fluxes, raising the temporal coverage rates from under 0.40 to over 0.98 for the flux data at the lake
surface of Yamzhog Yumco. The evaluation of flux simulation performance via 10-fold cross-validation indicates that the bias level
exhibits minuscule perturbation over different subsamples, disclosing preferable robustness for the ANNs model. Comparing for the
approximately 18.8 W/m?/81.5 W/m? of average value for the observed sensible/latent heat flux, 1.84 mmol/(s+m?) for water
vapor flux, the mean absolute errors is 5.4 W/m? for the simulated sensible heat flux, 15.7 W/m? for the simulated latent heat
flux, and 0.35 mmol/ (s-m?) for the water vapor flux. The results suggest that the combination of ANN structure with variable se-
lecting principle can utilize the micro-meteorological information of field observation more sufficiently to estimate the flux intensity.
Consequently, the temporal consistency is efficiently optimized with the analysability of EC flux data enhanced. The optimization
method we proposed makes the interpolation of EC flux observation data no longer depend on the calculation of specific micro-mete-
orological elements such as turbulence transport coefficient. The paper provides a reference idea for improving the data quality of EC

flux observation experiments for alpine lakes and other harsh environments.
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Fig.4 Comparison between ANN estimated and observed latent heat flux

B SR AE AR BE /N T 20°C, G B2 T TR AR AE XA S B SE AR T 3% , WOK VA S 00 A B A0 3 7R
AILF—30 IPAE R WL AR AR R B, 1A B BE BT 2016 4F 4 A 91— 10 A K2 — s iy it
2,10 HARBII00E. 1] 2017 - R BE B R I0IE 26 /5 %5 11 A FA).

FRAE IR AN B /KT B S ANN ORI 25 B EE | 2 2L g4 T 28 & & ) EC WL &5 R T 4—
12 H 24 7409 mm (2016 4F) F1 7037 mm (2017 4F) . SR A 16 A0 JERp - X (R 14.9+0.2 W/m?* (2016
)M 14.320.2 W/m* (2017 4F) | PGl EF N 78.9£1.5 W/m* (2016 4F) Fl 74.4+1.5 W/m*( 2017 4F) |
KR ST IS AE N 126.7 W/m* (2016 4E) F1 139.5 W/m* (2017 4E) . d b i HIMA TG 7E 2016 4E 1 2017 4
LI 380 ] %) R S AR A SR R ARE R 7,737 10° J/m* (2016 4E) 1 1.198x10° J/m?* (2017 4E).
TEARH EWIK I 2L BRI OLT R ARG T I TE T 07 20 m WRWIKE¥8 A B4 1~
1.5C , 7K IR AR BBl AT T, AR B /Y /KRS L 1T RE & A AH TR

3 FitHitit

G %ot v ST 90 2 3 LI A S A LA (i B ) ) A, ARG R T AT SR ML 2 S TF T GPU I 7
THRRSB R AR AL T8 1) & R R 38 A BRI TR 00 98 i ANN B 8 A T EC 3 = 50 1 i
gtk A 10 IIT B XIIE T A T ANN BLBEOROR. EBE5HEINR .

¥ ANN BT S L B0 oA R R T TR SR RRAE {5 8 5 3 Bk 3 B RO 30 ) Bl Sl A
TANSCR T 1% 05 2888 7 1 it T 308 2 1] O v s 40 B2 4 B IS0 T A TR A, S R R R T T AR A
TR TG K PE R A SIS (B 4 5k 18.8 W/m’ (81.5 W/m’ Al 1.84 mmol/(s-m*). #RIE
TensorFlow HLA§2% S HESL T M 58 4540 ANN #5E51 52 IR GIESE 3 BAUL ) AME 43y 5K 5.4 W/m® [ 15.7 W/m’
H10.35 mmol/ (s + m®). 10 A>3 X560 9iF 43 41 22 8] (19 42 25 3 2 0 2 or R 3 1 W/m? 2 W/m’ FI
0.05 mmol/ (s+m®) . 38 SUEIFL v 4 AL IUMEL P-4 S ASEADUE - 35 1 B ERAR 25 43 3K 2.0% L 1.3% F1 1.8% . X
FHM 8 ANN A0 (138 AR RE T3 Fa e, AR50 SURRUEZH gt sl /I, FLRERLIR 25 BLUA 380719 1F fL
BRI

T TR I RS A T i A 0 SOLIU) 19 SR ) A 3 A A (A XL A 5 0 6 LR A i O 3 ko AR
HAREIE AR RE, SR B Fh2E L. ANN R X 4 A B A IR 4R T8 A5 A AT BRI, I
TSI [ A5 S S 1 B ) [ 20 s ) RUBE B DR CORABESR M KO- AEAE SERE 9 22 1], 6 RT LA i
IR TRE AR MEALAL BRAR A ANN. B SEZ5AFI GPU IFAT 35 IR RHAAIE T ANN 7R A0 308 2 st iy A 508 19



884 J. Lake Sci. (#8453 ,2020,32(3)

20164F 20174F

N\ N\ N > >
INMEEN) NN
% % 2 VNG

S
PECL eI = it Loy oev g S
14 5, 3 H 50 L

SRR - B

|8

n'ﬂv,-;
SN TS TS TS N 2N TN SN CHEENTEEN TS TS TS N 2N TN AN
PSS, ST NN TSNS S S508
F P FIFF YA FIFYFYTYYES

-10 50 100 150 200 260

? ’ _;'.' 3 %
=

. Bk ol =

NN N NN NN N N NN NN TN A
4 7 7 4 4 7 v 4 /7 7/ 7 4 7 7 4 4 7 v 4 /7 7/ 7
F I FE FIY YV FE FYFET YIS

(c) 7K¥%iE HE/(mmol/(s - m?))

@RI

-1 0 1 2 3 4 5 6 7

P 5 3 T 38 S A A TS A L« (o) JERHGE R, AR 3HER R 2 W/m®; (b) WEHGE &, R HER T 5 W/m?;

(c)/KiKiB &, bR/ HE 3R R 0.1 mmol/ (s-m®) (I EIE FE A 2016 41 2017 4ER94 H3 H—12 H31 H)
Fig.5 Comparison between the unpatched and patched lake surface fluxes; (a) sensible heat, with a palette
resolution of 2 W/m”; (b) latent heat, with a palette resolution of 5 W/m?; (c) molar water vapor, with a

palette resolution of 0.1 mmol/(s+m”) (all included in the period of Apr. 3 and Dec. 31 in 2016 and 2017)

FERE ARSI SRR, 2 ANN AR HL7E I f 0000 47 b ) AL 32 AL A i B2 . ASBIF TS ANN B ADLE B
BRI AT R B TE ANN S5 A4 PR R A [0 00 22 3R 0 7 SRR T 3 A7 8008 L AR SO IR AT TR AR AR
DAl B TR A I 5 22 5K S R i 7 208 LM A P o i — 240 e R A9 7 1. T R HR
0 F A DL R ik S R DX ) A0 R S, 2 TR B0 £ 8 ol B4 4 A0CR S8 B A 4R T ). AR SCRIE
ANN BERIPE BRI S B, 5] A W45 55 308 50 32 308 0o 25 ) ANN R 58 h 1 5T A B 56 R U5, ik 5
LT R LI AR5 kA A AR SCAS S A ORI . R, 754 J5 B EC i U 388 e UL 00 S 36 v 3 5k 396 o T 2 08
INEEZE T LU A b 75 95 A8 o A P58 P 1 of ) 30 e 00 Jo i AL AR SR H 4 T A0 O A5 R
FEIMFI ) Bl A e JELE Ay o FEITA AR AR PR PR T 19 BC T A UL SE AR AL T 4R TR B 2%

4 Sk

[ 1] Blanken PD, Rouse WR, Culf AD et al. Eddy covariance measurements of evaporation from Great Slave lake, Northwest



¥

[2]

[4]

[5]

[6]

[7]

[8]

[9]

[10]

[11]

[12]

[13]

[14]

[15]

[16]

[17]

[18]

[19]

B AT R BAD R 6 3 K8 R AN & 885

Territories, Canada. Water Resources Research, 2000, 36(4) . 1069-1077. DOI. 10.1029/1999WR900338.

Biermann T, Babel W, Ma WQ et al. Turbulent flux observations and modelling over a shallow lake and a wet grassland in
the Nam Co basin, Tibetan Plateau. Theoretical and Applied Climatology, 2014, 116 (1/2) ; 301-316. DOI; 10.1007/
$00704-013-0953-6.

Lee XH, Liu SD, Xiao W et al. The Taihu eddy flux network ; an observational program on energy, water, and greenhouse
gas fluxes of a large freshwater lake. Bulletin of the American Meteorological Society, 2014, 95(10) ; 1583-1594. DOI. 10.
1175/BAMS-D-13-00136.1.

McGloin R, McGowan H, McJannet D et al. Quantification of surface energy fluxes from a small water body using scintil-
lometry and eddy covariance. Water Resources Research, 2014, 50( 1) ; 494-513. DOI; 10.1002/2013WR013899.

Zhao XS, Liu YB. Phase transition of surface energy exchange in China’s largest freshwater lake. Agricultural and Forest
Meteorology, 2017, 244 98-110. DOI: 10.1016/].agrformet.2017.05.024.

Zhao XS, Liu YB. Variability of surface heat fluxes and its driving forces at different time scales over a large ephemeral
lake in China. Journal of Geophysical Research; Atmospheres, 2018, 123 ( 10 ). 4939-4957. DOI. 10.
1029/2017JD027437.

Liu HZ, Feng JW, Sun J et al. Eddy covariance measurements of water vapor and CO, fluxes above the Erhai Lake. Science
China Earth Sciences, 2015, 58(3) : 317-322. DOI. 10.1007/s11430-014-4828-1.

Wang BB, Ma YM, Chen XL et al. Observation and simulation of lake-air heat and water transfer processes in a high-alti-
tude shallow lake on the Tibetan Plateau. Journal of Geophysical Research: Atmospheres, 2015, 120(24) . 12327-12344.
DOI:; 10.1002/2015JD023863.

Soloway AD, Amiro BD, Dunn AL et al. Carbon neutral or a sink? Uncertainty caused by gap-filling long-term flux meas-
urements for an old-growth boreal black spruce forest. Agricultural and Forest Meteorology, 2017, 233 110-121. DOI; 10.
1016/j.agrformet.2016.11.005.

Aubinet M, Vesala T, Papale D et al eds. Eddy covariance: a practical guide to measurement and data analysis. Springer
Science & Business Media, 2012, 85-101. DOI. 10.1007/978-94-007-2351-1.

Liu HZ, Feng JW, Sun JH et al. Eddy covariance measurements of water vapor and CO, fluxes above the Erhai Lake. Sci-
ence China : Earth Sciences, 2014, 44(11) ; 2527-2539. DOI: 10.1007/s11430-014-4828-1. [ XU#EE, /idat, Fhsifk
. TR A KN AR B AR AR, R I RLA ERBLAE, 2014, 44(11) ¢ 2527-2539.

Li ZG, Lyu SH, Ao YH et al. Long-term energy flux and radiation balance observations over Lake Ngoring, Tibetan Plat-
eau. Atmospheric Research, 2015, 155; 13-25. DOI; 10.1016/j.atmosres.2014.11.019.

Wang BB, Ma YM, Ma WQ et al. Physical controls on half-hourly, daily, and monthly turbulent flux and energy budget o-
ver a high-altitude small lake on the Tibetan Plateau. Journal of Geophysical Research ; Atmospheres, 2017, 122(4) ; 2289-
2303. DOI; 10.1002/2016JD026109.

Tanentzap AJ, Hamilton DP, Yan ND. Calibrating the Dynamic Reservoir Simulation Model ( DYRESM) and filling re-
quired data gaps for one-dimensional thermal profile predictions in a boreal lake. Limnology and Oceanography: Methods
2007, 5(12) ; 484-494. DOIL: 10.4319/1om.2007.5.484.

Falge E, Baldocchi D, Olson R et al. Gap filling strategies for long term energy flux data sets. Agricultural and Forest Mete-
orology, 2001, 107(1) : 71-77. DOI; 10.1016/S0168-1923(00) 00235-5.

Alavi N, Warland JS, Berg AA. Filling gaps in evapotranspiration measurements for water budget studies: evaluation of a
Kalman filtering approach. Agriculiural and Forest Meteorology, 2006, 141(1) ; 57-66. DOL. 10.1016/]j.agrformet.2006.
09.011.

Chen YY, Chu CR, Li MH. A gap-filling model for eddy covariance latent heat flux; Estimating evapotranspiration of a
subtropical seasonal evergreen broad-leaved forest as an example. Journal of Hydrology, 2012, 468. 101-110. DOI; 10.
1016/j.jhydrol.2012.08.026.

Shen PK, Zhang XQ. Analysis on the observation of atmospheric turbulence characteristics over the Yamzhog Yumco,
South Tibet. J Lake Sci, 2019, 31(1) ; 243-255. DOL.: 10.18307/2019.0123. [ JLMSFT, K5 7. RG-S ZEAHI 1T K
A RN A HT. WAL, 2019, 31(1) ; 243-255.]

Jordan MI, Mitchell TM. Machine learning: Trends, perspectives, and prospects. Science, 2015, 349(6245) . 255-260.
DOI: 10.1126/science.aaa8415.



886

[20]

[21]

[22]

[23]

[24]

[25]

[26]

[27]
[28]

[29]

[31]

[32]

[33]
[34]

[35]

[36]

J. Lake Sci. (#1845 ,2020,32(3)

Rumelhart DE, Hinton GE, Williams RJ. Learning representations by back-propagating errors. Cognitive Modeling , 1988,
(3): 1.

Lee JH, Xiao LC, Schoenholz SS et al. Wide neural networks of any depth evolve as linear models under gradient descent.
arXiv preprint, 2019, arXiv:1902.06720. DOI. 1902.06720.

Chu D, Pu Q, Laba Z et al. Remote sensing analysis on lake area variations of Yamzho Yumco in Tibetan Plateau over the
past 40 a. J Lake Sci, 2012, 24(3) ; 494-502. DOI; 10.18307/2012.0324. [ &%, %55, fitsiFI 45 3T 40a PO F
s AR WIIA T AV AR T IR, 2012, 24(3) : 494-502. ]

Guyon I, Gunn S, Nikravesh M et al eds. Feature extraction; foundations and applications. New York: Springer, 2008.
Foken T. 50 years of the Monin-Obukhov similarity theory. Boundary-Layer Meteorology, 2006, 119(3) . 431-447. DOI.
10.1007/510546-006-9048-6.

Specht DF. A general regression neural network. IEEE Transactions on Neural Networks, 1991, 2(6) ; 568-576. DOI; 10.
1109/72.97934.

Abadi M, TensorFlow AA. Large-scale machine learning on heterogeneous distributed systems. Proceedings of the 12th
USENIX Symposium on Operating Systems Design and Implementation, USA, 2016. 265-283.

Chollet F ed. Keras: The python deep learning library. Astrophysics Source Code Library, 2018.

Bottou L. Large-scale machine learning with stochastic gradient descent. Proceedings of COMPSTAT, 2010. 177-186.
DOI; 10.1007/978-3-7908-2604-3_16.

Srivastava N, Hinton G, Krizhevsky A et al. Dropout: a simple way to prevent neural networks from overfitting. The Jour-
nal of Machine Learning Research, 2014, 15(1) ; 1929-1958.

He KM, Zhang XG, Ren SQ et al. Delving deep into rectifiers; Surpassing human-level performance on imagenet classifi-
cation. Proceedings of the IEEE International Conference on Computer Vision, 2015 1026-1034.

Fahlman SE, Lebiere C. The cascade-correlation learning architecture. Advances in Neural Information Processing
Systems, 1990. 524-532.

Kohavi R. A study of cross-validation and bootstrap for accuracy estimation and model selection. International Joint Confer-
ence on Artificial Intelligence, 1995, 14(2) . 1137-1145.

Stull RB ed. An introduction to boundary layer meteorology. Springer Science & Business Media, 2012 14-21.
Neumeyer N, Dette H, Nagel ER. A note on testing symmetry of the error distribution in linear regression models. Non-
parametric Statistics, 2005, 17(6) : 697-715. DOI: 10.1080/10485250500095660.

Makridakis S. Accuracy measures: theoretical and practical concerns. International Journal of Forecasting, 1993, 9(4) .
527-529. DOI: 10.1016/0169-2070( 93 ) 90079-3.

Lawrence I, Lin K. A concordance correlation coefficient to evaluate reproducibility. Biometrics, 1989, 45(1) : 255-268.

DOI: 10.2307/2532051.



