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Abstract

The lakes and reservoirs have been reported as important sources of carbon emissions to the atmosphere in many countries.
Although field experiments and theoretical investigations based on the fundamental gas exchange theory have proposed the
quantitative amounts of Net Atmospheric Flux (NAF) in various climate regions, there are still large uncertainties at the global
scale estimation. Mechanistic models can be used for understanding and estimating the temporal and spatial variations of the

NAFs considering complicated hydrodynamic and biogeochemical processes in a reservoir, but these models require extensive
and expensive datasets and model parameters. On the other hand, data driven machine learning (ML) algorithms are likely to
be alternative tools to estimate the NAFs in responding to independent environmental variables. The objective of this study
was to develop random forest (RF) and multi-layer artificial neural network (ANN) models for the estimation of the daily CO,
NAFs in Daecheong Reservoir located in Geum River of Korea, and compare the models performance against the multiple
linear regression (MLR) model that proposed in the previous study (Chung et al., 2016). As a result, the RF and ANN models
showed much enhanced performance in the estimation of the high NAF values, while MLR model significantly under
estimated them. Across validation with 10-fold random samplings was applied to evaluate the performance of three models,
and indicated that the ANN model is best, and followed by RF and MLR models.
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Fig. 1. Layout of Daecheong Reservoir and locations of
monitoring stations (Chung et al., 2016).
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Fig. 2. A schematic description of random forest algorithm.
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Fig. 3. A schematic description of multi-layer artificial
neural network algorithm.
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BrretA Tk A4t Table 20 YJeERAIOH, 6714 ne RVSE
AE F, A A2, PE A=kl Data set
mtry=2 | mtry=3 | mtry=4 | mtry=5 | mtry=6
#1 247.0 198.1 1783 171.1 171.1
Table 1. Error statistics used to assess the models’ per- ) 242.8 197.0 183.2 176.4 170.7
formance #3 2442 196.2 179.3 172.0 175.4
Notation RMSE Yoerror #4 239.4 191.1 176.8 175.4 171.7
Equation RASE - \/% % 100 #5 246.3 198.3 180.8 169.3 171.5
i=1 Average 2439 196.1 179.7 172.8 172.1

Table 2. The RMSE and relative percent error between the
multiple regression model and observed values.
Unit: mg CO, m™day™

Table 4. The RMSE and relative error between the random
forest model (mtry =6) and observed values.
Unit : CO, m™day’!

Data set Training data Testing data Data set Training data Testing data
RMSE Yoerror RMSE Yeerror RMSE %%error RMSE %% rror
#1 1413.6 84.1% 1522.3 90.6% #1 177.7 10.6% 4264 25.4%
# 1432.5 85.2% 1477.0 87.9% ) 180.3 10.7% 4292 25.5%
#3 1436.2 85.5% 1460.6 86.9% #3 179.4 10.7% 4284 25.5%
#4 1476.0 87.8% 1342.4 79.9% #4 184.3 11.0% 429.9 25.6%
#5 1436.1 85.5% 1458.3 86.8% #5 184.1 11.0% 431.7 25.7%
Average |  1438.9 85.6% 1452.1 86.4% Average 181.2 10.8% 429.1 25.5%
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Table 7. The RMSEs obtained from 10-fold cross validation
for each model Unit: mg CO, m?day”

RMSE k-fold MLR RF ANN
Data set =23 G6) G12) G.13) 1 1495.5 284.1 164.8
#1 98.0 1122 119.6 163.3 2 1271.7 405.6 1714
0 131.0 1227 172.1 127.1 3 1725.5 34 9.0
# 99.5 140.9 139.4 1125 4 1585.3 6723 185.9
#4 118.1 108.9 133.0 144.1 5 13382 651.8 89.7
45 102.6 1259 124.4 110.1 6 1242.3 1844 138.0
Average | 109.9 122.1 137.7 131.4 7 1276.2 3886 1352
8 1368.6 537.3 192.5
Table 6. The results of artificial neural network according i 13128 2480 1383
to the number of selected nodes 10 1352.9 2720 149.1
Unit: mg CO, m'zday'l Average 1424.8 460.8 151.9
Training data Testing data Standard deviation 680.6 395.4 98.0
Data set
RMSE Y%error RMSE Y%error
#1 147.5 8.8% 157.6 9.4% Table 8. Determination of coefficient (R?) between observed
# 168.7 10.0% 177.9 10.6% and simulated NAFs
#3 114.0 6.8% 1353 8.1% Total training testing
#4 109.9 6.5% 144.9 8.6% MLR 0.728 0.735 0.699
45 1412 8.4% 177.6 10.6% RF 0.988 0.995 0.975
Average | 1363 8.1% 158.7 9.4% ANN 0.998 0.998 0.997
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