Climate Change Research Letters S{EZE{LHT T 4R, 2026, 15(3), 674-687 Hans Xt
Published Online May 2026 in Hans. https://www.hanspub.org/journal/ccrl
https://doi.org/10.12677/ccrl.2026.153072

HlEE TR+ B RBREN — AUBRE
st ST

Ok, xRS, FRRES, FRAF, EHH, K OB

B TOREAKAMK B ARE, B DOK TREAESM B e [ siin s, PRt PH %
2L T I K SCR BRI P Lo AR K SCIEDIRBA, V0GR
3IKAER KK I BT Be s Abs

Weks HiA: 20264F4H23H; FHER: 20264F5H22H; KA HH: 20264F5H28H

wm B

DAk 76 IS A2 25 7K SCS2 5 B b VA SRR R _E A SE — AL BRIk B BB A = S B AR, F R %
B T 2 ERAPLMLP) . R A G % M 4% (Bi-LSTM) BENLARAR(RF). £ 4P [E 1 (MLR)
SEHB LI FEEPES ENBIRERRE S, Bdi RIS S R L SR B AT
THERL. &, FPPEEIMER R R, SRR EREESESERROXR, NSl =Sk
BN, VBB AA R B2 MRS, WMinESEFEENANE, MLPAIRFER e —
BIRFERRERE .. FRWE - SABIRBEEEEANE LR ER, MLPAIRFIERILHBEN AT, 5
BORFRA S, BAAERA BT REFERMIEN, BREHERSSUERBE. BE. HBh
B ARIREUN5%. MLPAIRFA] DA FHET X IR — S AL Bk B S8R 1E £ -

XA
TEACBOREE, BN, AERKIC FaEEh, BHERE

Evaluation of the Potential of Using Machine
Learning to Interpolate the CO:
Concentration in the Gully Region

of the Loess Plateau

Wei Deng!2, Dengfeng Liul*, Mingliang Li3, Fengnian Guo?, Jingjing Meng!, Qiang Huang!

IState Key Laboratory of Water Engineering Ecology and Environment in Arid Area, Xi’an University of
Technology, School of Water Resources and Hydropower, Xi’an Shaanxi

2Xinyu Hydrological Monitoring Brigade, Hydrology and Water Resources Monitoring Center of Lower Ganjiang
River, Xinyu Jiangxi

CHEREE

CEG|H: M, KB, 2R, FIRGE, TR, FEom. HLESSE IR R RV B XA AR BRI B T
1], SR 5 3R, 2026, 15(3): 674-687. DOI: 10.12677/ccrl.2026.153072


https://www.hanspub.org/journal/ccrl
https://doi.org/10.12677/ccrl.2026.153072
https://doi.org/10.12677/ccrl.2026.153072
https://www.hanspub.org/

A 2

3General Institute of Water Resources and Hydropower Planning and Design, Ministry of Water Resources,
Beijing

Received: April 23, 2026; accepted: May 22, 2026; published: May 28, 2026

Abstract

Based on the measured data of carbon dioxide concentration and air temperature at the bottom of the
gully and on the plateau of the Chunhua Ecological Hydrological Experimental Base in Shaanxi Province,
the potential of machine learning methods such as Multilayer Perceptrons (MLP), Bidirectional Long
Short-term Memory (Bi-LSTM), Random Forest (RF) and Multiple Linear Regression (MLR) in simulat-
ing air carbon dioxide concentration was evaluated using the observation data from the bottom of the
gully. The machine learning method with better performance was selected to simulate and interpolate
the carbon dioxide concentration on the tableland, and the quality of the interpolation value was eval-
uated. The results show that in areas with different vegetation coverage at the bottom of the ditch,
when only the measured carbon dioxide concentration is used as the input, the machine learning
method can achieve an acceptable simulation accuracy; when air temperature is added as an input,
the MLP and RF models can further improve the simulation accuracy. When using the ditch bottom
carbon dioxide concentration data to interpolate the concentration on the plateau, MLP and RF still
show high feasibility and can effectively restore the changing trend, although there is a slight un-
derestimation of high values at some times, the maximum deviation between the interpolation re-
sults and the measured values of mean, maximum and minimum values is only 5%. MLP and RF can
be used for regional carbon dioxide concentration simulation and data interpolation.
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Figure 1. The location of Chunhua eco-hydrological experimental base
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Figure 2. The layout scheme of carbon dioxide concentration observation system at the bottom of gully region
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Figure 3. The layout scheme of water and carbon flux observation system (a) To observe
the flux tower northward; (b) To observe the flux tower eastward
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Figure 4. The data of air carbon dioxide concentration
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Figure 5. The data of air temperature
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Table 1. The brief statistical parameters of carbon dioxide concentration and air temperature
F 1 —8URKENESEENRERITSH
ﬁ*}% Xmean Xmax Xmin Xstd Cv Cs Ck
Ca/(pL/L) 332.5 444.6 258.7 39.3 0.12 0.50 -0.24
Ca/(pL/L) 301.6 415.6 233.2 37.9 0.13 0.82 0.41
Cal(pL/L) 631.2 704.1 570.6 29.8 0.05 0.10 —0.68
Tair/°C 12.8 23.8 -1.8 6.4 0.50 -0.19 -1.12
Tair2/°C 13.3 25.7 2.4 6.9 0.52 -0.14 -1.17
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Table 2. The line correlation coefficient between data at the bottom of the gully
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RF A U G bl 41 25 AR A0 A BRI BE 2 TV R &R, B I SRR RN G, RS ER
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Table 3. The evaluation indexes of ground air carbon dioxide concentration at sensor 3 (Cs) simulation using different machine
learning models

7 3. RATEMRE IERY 3 SERSFAME T S ZSWHIKE (Co)RLIAIITMN HahR

. " RS A
A PN
MAE (uL/L)  RMSE (uL/L) KGE MAE (uL/L) RMSE (uL/L) KGE
VLR inputl 4.71 6.66 0.98 10.19 13.37 0.76
input2 4.60 6.56 0.98 9.48 12.22 0.75
Lp inputl 4.99 6.99 0.80 10.11 1351 0.80
input2 4.90 6.95 0.94 8.99 11.99 0.83
inputl 11.75 15.99 0.80 15.56 18.40 0.81
Bi-LSTM
input2 11.76 15.43 0.81 23.38 26.74 0.83
inputl 4.14 5.73 0.98 12.00 14.76 0.90
RF
input2 3.72 5.26 0.99 11.48 14.19 0.92
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Figure 10. The scatter plot of Cs measured value and simulated values of different machine learning models (input2)
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Figure 11. The comparison of measured values of Cs and simulated values of different machine learning models (input2)
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Table 4. The evaluation indexes of ground air carbon dioxide concentration on the tableland (C4) simulation using different

machine learning models
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MAE (WL/L) RMSE (uL/L) KGE  MAE (uL/L) RMSE (uL/L)  KGE
MLP Input2 10.35 12.83 0.80 11.78 14.63 0.76
MLR Input2 10.36 12.29 0.90 13.92 17.90 0.61
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Figure 12. The scatter plot of C4 measured value and simulated values of different machine learning models
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Figure 13. The comparison of measured values of Cs and simulated values of different machine learning models
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Table 5. The brief statistical parameters of different data
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el Xmean Xmax Xmin Xstd Cv Cs Ck

CwmLp 642.1 681.5 596.8 21.8 0.0 -0.4 -0.9
Cao22 664.1 696.5 622.1 20.6 0.0 -0.4 -1.1
Ca024 653.1 710.1 610.2 26.8 0.0 0.3 -0.9
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