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Evaluation of the potential of using machine learning to simulate the CO,

concentration in the gully region of the Chinese Loess Plateau
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Abstract: Carbon dioxide (CO,) is one of the major greenhouse gases, and changes in CO, concentration in the air is
affected by many factors. At present, there are still few stations that can continuously observe ground air CO, concentration,
but conventional meteorological data are relatively easy to obtain. There is still a lack of research on how to use conventional
meteorological data to simulate ground air CO, concentration at a specific location. Based on the measured meteorological
data and CO, concentration data from the Hejiashan small watershed in Chunhua County, Shaanxi Province, the MLP,
LSTM, Bi-LSTM and RF models were driven by ground air CO, concentration or the combination of environmental factors at
different locations, respectively. The potential of machine learning methods to simulate daily-scale air CO, concentration on

the ground of typical point in the gully region of the Loess Plateau was evaluated. The results show that the four machine
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learning methods can simulate the overall change process of ground air CO, concentration, whether using the same type of
observed data as input or combination of environmental factors as input, and can be used for data interpolating. When the
measured CO, concentration at other points is used as input, the simulation accuracy of the CO, concentration at C, by MLP
is the highest, and the error in the test set is only 3.8%. When the environmental factors are used as input, the simulation
accuracy of the CO, concentration at C, by RF is the highest, and the error in the test set is 6.3%. However, when
environmental factors are used as input, it is impossible to simulate the dramatic daily variation of CO, concentration. For
data interpolation, it is better to use the same type of observed data as input, which can better simulate the daily process of

ground air CO, concentration.

Key Words: CO, concentration; machine learning; Loess Plateau; environment factors
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Fig.1 The location of Chunhua eco-hydrological experimental base
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Fig.2 The main equipment of carbon dioxide concentration observation system
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Fig.3 The layout scheme of carbon dioxide concentration observation system
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Fig.4 The layout scheme diagram of carbon dioxide concentration observation system
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Fig.5 The data of ground air carbon dioxide concentration
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Table 1 The brief statistical parameters of carbon dioxide concentration and environmental factors
KA B8 Statistical parameters
Data ¥ mean ¥ X in Fyd C, Cs C,
2 S Ak Z AR/ (Wl/L
AL AR (uL/L) . 34334 454.15 243.96 47.05 0.14 0.38 -0.69
J CO, value at the second sensor location
3 Ak — A AR B/ (WL/L
Nl m‘x (n ) . 310.26 423.85 222.00 43.46 0.14 0.55 -0.42
CO, value at the third sensor location
2SI Air temperature/ °C 11.00 23.83 -8.34 7.44 0.68 -0.14 -1.11
FHEEE Soil temperature/ °C 10.66 19.60 0.60 6.17 0.58 -0.16 -1.41
2SN E Air relative humidity/ % 67.37 95.50 18.66 16.88 0.25 -0.42 -0.73
SJE Air pressure /kPa 862.73 878.00 852.00 5.34 0.01 0.26 -0.69
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Table 2 The different machine learning models ( C; as input) were used to evaluate the simulation of ground air carbon dioxide concentration

at sensor 2 (C,)

wi YIIZ54E Training dataset MiA4E Testing dataset

Models MAE/ RMSE/ e KGE MAE/ RMSE/ e KGE
(pL/L) (pl/L) (pl/L) (pl/L)

ZJZ BN MLP 6.650 9.429 0.938 0.940 13.060 15.767 0.905 0.804

KA WHEIZ 1LST™ 22.572 28.772 0.407 0.429 26.115 32.337 0.606 0.464

X i) K4 WIHEAZ Bi-LSTM 19.890 25.534 0.533 0.618 21.346 26.504 0.735 0.625

FEALARAM RF 4.794 6.507 0.971 0.974 13.671 16.935 0.891 0.801

MLP ; £ ]2 AL Multilayer perceptrons ; LSTM RAEeZ Long short term memory; Bi-LSTM R S5 #3242 Bidirectional long short—term
memory ; RF ; BiHLZ A Random forests
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5 ) B AR A 5 SSA 1 B IR A E R r BIR T 0.7, BERORE FTHEZ 10, X LU ASEADL RN S I A
KB VIHAA B S SRR AR BEAE A, T LB A (A A0 b T 28 /R0 AR A v B ) SR AR AR b i
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Fig.14 The scatter plot of simulated values of different machine learning models ( C; as input) and measured values of C,
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Fig.15 The comparison of simulated values of different machine learning models ( C; as input) and measured values of C,
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Fig.16 The scatter plot of input variables and ground air carbon dioxide concentration at sensor 2 (C,)
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Table 3 The pearson correlation coefficient between input variables and ground air carbon dioxide concentration at sensor 2 ( C,)

Wb

Data

2 -S4k AR AR E

CO, value at the second sensor location/ ( wL/L)

20cm R HHEEE Soil temperature at depth of 20em /C
2SS HRE Air temperature/C
SAXHREE Air relative humidity/ %

e e
a5
KJE Air pressure /kPa

-0.870
-0.806
-0.671

0.491
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MRIEFHICAE ST RO ZE R Bl E 6 Pl T SR BE R 1 i A 2, A [R) g A 21 5 O PR32 IR 1 2 A L
Fd, EBCERMN 6 MEALG T ALS 1 i H R A A A S 2 A R S AR e e
A A 3 oh e B A A QR SE RN A S AL 4 i SRS 25 O B R 3L [ 4 D
WA EALS 5 hEHERIE 2R TURILRE A A 6 i e N 1 (R 2SR
JEE AR AR ) IR A

R4 ATEN2 SERSJLMESSZSUBRE(C,) WANES

Table 4 The input combinations for simulating ground air carbon dioxide concentration at sensor 2 (C,)

%5 Number WMALE Input combination %5 Number WMALE Input combination
1 NO.1 T 0em 4 NO.4 T 0em Toir RH
2 NO.2 T 5 NO.5 To0em Tair P
3 NO.3 T ogem Tie 6 NO.6 Tgoem Tie RH P

2T ppem 2718 20em TRPE Y T IR, T

air

FR 23 MVE , RH 7R 28 SRR, P Fm Uk

3.3 PSRRI AR AR C, BRI S,

DARES T 13 1 2 A AL VE A X 2 5 A5 a3 Ak iy b T 28 R SRR MR 3 (€, ) SR MLLP
LSTM ,Bi-LSTM Al RF B AN FE PR IR LS R WL 5. TFM I8 hniT A 45 L AR S RIRE LR E
AR FIA G B AR 2 s i) — Uik B | (FR AN [ PR () P BB AT T 22 57, AT T B i A4l & AR A TR
LEE ZAVP U R AR AR (1 45 5Lk MLP Bi-LSTM F1 RF By ik AZH & ¥ i AZH4 1, LSTM i fe il
WAL G HMALLE 40 FEAFSRIAE, ESERIE CRALLE D MENARE, 4 FHLAR > D5 1 3
#ixtiR 2 MAE fie/],

F5 REREHLESE SR (IRENTAAENRA) 3 2 SEBRBMEESS = SUBRE(C,) EMIITNER

Table 5 The evaluation indexs of ground air carbon dioxide concentration at sensor 2 (C,) simulation using different machine learning models

(the combination of environmental factors as input)

Pisii| A YIS Training dataset MR 4E Testing dataset
Model In MAE/ RMSE/ . MAE/ RMSE/
M L e o KRy e i KoE
Z 2L 1 17.383 22.036 0.698 0.747 22.191 26.498 0.760 0.592
MLP 2 18.498 23.362 0.661 0.721 28.668 34.507 0.592 0.535
3 17.258 21.779 0.705 0.760 23.624 27.856 0.734 0.584
4 16.376 21.178 0.721 0.657 26.559 31.072 0.669 0.534
5 17.059 21.482 0.713 0.750 28.252 33.250 0.621 0.517
6 14.819 19.056 0.774 0.821 26.696 31.093 0.669 0.632
S CEURA 1 19.543 25.710 0.526 0.503 24.100 29.758 0.666 0.532
LSTM 2 18.985 24.913 0.555 0.534 27.448 33.094 0.587 0.538
3 18.629 24.055 0.585 0.572 24.809 30.011 0.660 0.574
4 18.506 24.035 0.586 0.573 24.010 29.124 0.680 0.591
5 18.684 24.518 0.569 0.560 27.240 32.785 0.595 0.536
6 18.795 24.823 0.559 0.548 26.798 32.239 0.608 0.543
GRS h: i NavA 1 18.420 23.597 0.601 0.636 20.574 25.300 0.759 0.665
Bi-LSTM 2 17.189 22.501 0.637 0.650 26.274 31.841 0.618 0.710
3 17.266 22.325 0.643 0.661 22.673 27.941 0.706 0.708
4 16.856 21.783 0.660 0.681 21.936 26.799 0.729 0.743
5 16.741 21.752 0.661 0.686 24.786 30.420 0.651 0.691
6 16.597 21.531 0.668 0.687 23.849 28.894 0.685 0.710
FHALARAR 1 14.289 19.109 0.747 0.775 19.818 24.697 0.767 0.708
RF 2 13.427 18.266 0.768 0.797 27.482 34.061 0.557 0.696
3 13.701 18.515 0.762 0.775 20.701 26.497 0.732 0.741
4 9.096 12.233 0.896 0.867 21.729 26.772 0.726 0.798
5 13.101 17.033 0.799 0.787 27.694 34.179 0.554 0.681
6 8.634 11.852 0.903 0.878 26.646 31.478 0.622 0.791
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Fig.17 The scatter plot of simulated values of different machine learning models ( the combination of environmental factors as input) and
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Fig.18 The comparison of simulated values of different machine learning models ( the combination of environmental factors as input) and

measured values of C,
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Table 6 The brief statistical parameters of ground air carbon dioxide concentration at sensor 1 (C,) and environmental factors

K GiitZ24L Statistical parameters

Data X mean X max X min X C, Cy Cy

L2 BAHUEAE MLP simulation value 363.21 457.78 295.79 42.38 0.12 0.57 0.80

FEHLZRMALIUE RF simulation value 368.74 437.87 319.42 42.48 0.12 0.23 1.38
4 Zit

AR SR PR 48 1A A 257K SCE2 00 5 b — SR ARl 2 LI 2 e Sl ) — SR A i vl 2 | == ROl | R
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Fig.19 The comparison of evaluation indexes of different machine learning models (optimal input combination)
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Fig.20 The comparison of simulated values of different machine learning models with measured values of C,
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