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Fig. 4 Spatio-temporal coverage of satellite data. (a) Spatial distribution of tropospheric NO, data coverage by OMI; (b) spatial
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Fig. 6 Comparison and analysis of spatial resolution of TROPOMI and OMI data. (a) Satellite image of Southeast China from Google
Earth; (b) L2 orbit data of TROPOMI; (c) 1.2 orbit data of OMI; (d) ground-based data; (e) estimation of TROPOMI; (f)
estimation of OMI; (g) satellite image of central China from Google Earth; (h) 1.2 orbit data of TROPOMI; (i) L2 orbit data of
OMI; (j) ground-based data; (k) estimation of TROPOMI; (1) estimation of OMI
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Fig. 7 Comparison of scatter plots between previous and optimized models from 2018 to 2021. (a) Estimation of optimized model;
(b) estimation of previous model
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Fig. 8 Comparison of optimization results of high-value models. June 5, 2019: (a) estimation of previous model around Yangtze River

Delta; (b) estimation of optimized models; (¢) ground-based data; August 8, 2019: (d) estimation results of original model in area

around Pearl River Delta; (e) estimation of optimized models; (f) ground-based data
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Abstract

Objective  Nitrogen dioxide (NO,) in the atmosphere has an important impact on air quality and climate change, and
ground-level NO, will directly affect human health. China is one of the regions with high concentrations of NO, in the
world. Long-term surface NO, concentration data has been provided by China Environmental Monitoring Station since
2013. In addition, the satellite data can make up for the lack of coverage of ground stations. Compared with the previous
ozone detector (OMI) sensor, tropospheric detector (TROPOMI) has higher data coverage and spatial resolution, but its
potential for ground-level NO, estimation needs to be proved, and the underestimation of the estimation model predicting
high-value samples needs to be optimized. The purpose of this paper is to use machine learning algorithms to estimate
ground-level NO, concentration in China based on satellite observation data and obtain 0. 05-degree NO, concentration
raster data from 2014 to 2021. On this basis, a systematic comparative study 1s carried out on the difference in the
estimation results of TROPOMI and OMI sensor observations, and an optimization model is established to optimize the

underestimation of the conventional machine learning model in the high-value area.

Methods The dataset in this paper contains the observations of ground-level NO, concentration from ground stations, the
tropospheric NO, column concentration provided by OMI and TROPOMI which come from European Space Agency and
Google Earth Engine, and auxiliary data that contains meteorological data of ERAS, population data, surface elevation
data, and land use data. Data preprocessing includes assigning station data to the nearest grid and resampling data with
different spatial resolutions to 0. 05 degrees. The dataset and the algorithm are used to build a model with the algorithm
named XGBoost, which is optimized on the basis of GBDT, so as to have higher prediction accuracy. The features of the
model are selected by variance inflation factor (VIF) and analyzed by shapley additive explanation (SHAP) value. By
comparing the temporal and spatial coverage of TROPOMI and OMI sensor observation data and comparing satellite
imagery and estimation results for a specific area, we study the difference between these two data in estimating ground-
level NO, concentration. In addition, the estimation model is optimized by establishing an ensemble model that contains a

classification model and a high-value prediction model.

Results and Discussions Uneven spatial distribution of ground stations will cause the estimation results to present the
same value in the area with fewer ground stations, so the accuracy of estimation will be poor (Fig. 2). The VIF of features
that connect with geographic information is much higher than the threshold, which is supposed to be 10, and the VIF of
surface pressure and DSM is out of the threshold (Fig. 3). After comparing the correlation coefficient between the two and
the surface observations and the update frequency of the two, we decide to remove the surface elevation and retain the
surface pressure. Feature importance of the OMI data computed by SHAP value is 6. 09, which is much more than those
of others (Fig. 3). According to the Beeswarm from SHAP value of each feature, it can be found that when the observed
value of OMI is higher, it will have a positive effect on the predicted value, or in other words, when the observed value of
OMI is higher, it will lead to an increase in the predicted result, and when it is lower, it will make prediction results
decrease (Fig. 3). The temporal and spatial resolution of TROPOMI data is higher than that of OMI (Fig. 4), and the
machine learning accuracy evaluation index of the estimation result is better than that of OMI (Fig. 5). By comparing
satellite observations and estimating specific regions with ground-based observations, it is found that TROPOMI data with
higher spatial resolution can identify changes from spatial gradient that fails to be identified in OMI data, resulting in more
accurate estimates (Fig. 6). By classifying high-value samples first and then building an additional high-value sample
model for estimation, the optimized estimation model successfully increases the slope of the scatter diagram of the
estimation results from 0. 79 to 0. 89, and the R’ increases from 0. 79 to 0. 85 (Fig. 7). It can also be seen from the image

that the estimation results of the optimized model are closer to the ground observations (Fig. 8).

Conclusions 1) There is serious multicollinearity in the latitude and longitude information in the prediction model
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variables, which will affect the quality of model estimation; 2) The data coverage of TROPOMI is higher than that of

OMI, and the estimation result is better than that of OMI, ten-fold cross-validation (R*: 0.79 VS 0. 75, slope: 0.79 VS
0.74); 3) The high spatial resolution of TROPOMI can identify high or low NO, near-surface areas that cannot be

identified by OMI; 4) By establishing an integrated model and selecting high-value samples for separate processing, the
prediction accuracy can be significantly improved; R* is increased from 0.79 to 0. 85, and the slope of the fitting line is
increased from 0. 79 to 0. 89.

Key words remote sensing and sensors; estimation of ground-level NO, concentration; extreme gradient boosting

algorithm; feature analysis; optimization of estimation
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