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Abstract: To address the challenge of partial missing data in atmospheric CO, concentration observations, this study systematically
evaluated the performance of 12 mainstream machine learning algorithms for data imputation, utilizing CO, measurement data
collected at the 30m (L1 layer) and 80m (L2 layer) heights of the Longfengshan Regional Atmospheric Background Station over the
period from January 2009 to June 2022. An optimized ensemble machine learning method was proposed, with the distance-weighted
K-Nearest Neighbors (KNeighborsDist) algorithm as its core framework. This method reconstructs missing data by leveraging
synchronous observational records from the two co-located height layers. Validation analysis of the reconstructed dataset yielded
excellent performance (R*>0.98), which confirms a strong correlation between the reconstructed greenhouse gas data and in-situ
measurements, as well as the effectiveness and accuracy of the proposed model in greenhouse gas data reconstruction tasks. The
method successfully filled the data gaps in the original dataset of Longfengshan Station, generating a continuous Sminute interval
CO, dataset with a completeness rate of 100%. Additionally, it well preserved the long-term trends and seasonal, monthly, and
diurnal variation characteristics of CO,. The proposed Al-based data reconstruction algorithm is applicable to other atmospheric
background stations and can provide high-quality data support for regional climate change analysis, carbon emission accounting, and
inversion research.
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Fig.1 Flowchart of CO, concentration data reconstruction and dataset establishment
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Fig.2 Day-night change chart of CO, concentration at high and low levels in Longfengshan Station in different seasons in 2021
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Table 2 Comprehensive evaluationscores of each model

PSS PRAlAR R> RMSE MAEl MAE2 MD  Precision CvMAE DRS DRI Efficiency  ZZ4riF4y
KNeighborsDist 100 100 100 100 97.87 100 100 100 100 100 97.87
KNeighborsUnif ~ 97.73 9511  95.63  96.6 97.94  95.06 95.82 98.76 98.76 97.35 96.86
WeightedEnsemble L2 99.96 99.87  99.75  99.69  97.83 99.88 100 99.46 99.44 50.75 94.67
RandomForestMSE ~ 90.39 82.79  81.96 8152 9559  82.58 82.15 92.02 92.02 1.79 78.72
ExtraTreesMSE ~ 85.92 76.92  72.66 70.46 99.48 76.7 73.04 83.34 83.38 5.01 72.37

COs L1 LightGBMLarge  53.91 44.75 48.06 6124 97.88  44.3 48.73 78.49 78.47 0.71 55.63

- XGBoost 5246 43.62 4544 5775 100 42.98 46.46 77.59 77.52 1.23 54.08
LightGBM 4931 4121 4041  51.07 9789  40.65 41.52 70.62 70.61 1.67 50.02

CatBoost 4234 3612 3111 3779 9647 3572 32.03 60.32 60.29 0.13 42.76
LightGBMXT 3474 30.68 2435 31.55 9488  30.39 25.57 55.14 55.11 1.03 37.88
NeuralNetFastAl — 4.04 1124 043 0 98.91 11.93 2.41 20.08 19.77 0.24 16.7
NeuralNetTorch 0 0 0 8.7 0 0 0 0 0 0 0.87
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KNeighborsDist 100 100 100 100 99.26 100 100 100 100 100 90.71
WeightedEnsemble L2 100 100 100 100 99.26 100 100 100 100 94.35 90.14
KNeighborsUnif ~ 97.3 94.67 9544 9658 99.25 94.69 95.66 99.11 99.09 97.46 87.71
RandomForestMSE ~ 90.62 83.91  82.84 81.83 100 83.78 82.15 93.6 93.67 1.85 70.2
ExtraTreesMSE ~ 86.49 7854 7531  73.06 99.22 78.39 74.92 87.65 87.84 5.48 65.47
oy 12 XGBoost 5536 4592 5126  62.16 94.65 45.94 50.32 85.02 85.25 0.86 485
- LightGBMLarge  54.73 4545 5207 63.6 96.21 45.45 50.8 83.73 83.97 0.66 48.48
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CatBoost 4378 37.09 364 4373  96.64 37.05 35.37 71.26 71.72 0.11 38.12
LightGBMXT 3624 3157 3074 39.55 98.58 31.53 29.1 66.98 67.46 1 34.06
NeuralNetFastAl ~ 6.48 1192  7.94 1491 91.49 12.12 5.95 35.24 36.08 0.24 13.09
NeuralNetTorch 0 0 0 0 0 0 0 0 0 0 10
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Fig.3 Comprehensive performance evaluation scores of CO, L1 and CO,_L2 layer data using 12 machine learning algorithms
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Fig.5 Time sequence diagram of the actual measured data and the data after the reconstruction of the L1 and L2 level of
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