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Abstract: Based on the daily PM,  data of China in 2018, a high-precision PM, concentration estimation
model was constructed using random forest method, and the temporal and spatial applicability of the
model was verified at seasonal and regional scales. Further, the importance of each influencing factor to
the change of PM,; concentration was systematically explained using the feature importance method.
Finally, the comprehensive influence of the interaction of different influencing factors on PM,;

concentration change was explored using the partial dependence technique. The results show that: (1)
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Compared with the multiple linear regression model and the extreme gradient ascending tree model, the
random forest model based on multi-source data has the highest accuracy, which not only can accurately
simulate the PM,; concentration, but also has good applicability at the seasonal and regional scales. (2)
According to the ranking results of model feature importance, the factors that had significant impact on the
average daily PM, concentration in 2018 were mainly global factors such as space-time and atmospheric
boundary layer height, which indicated that the prevention and control of air pollution should follow the
PM, transmission mechanism, and regional joint prevention and control should be strengthened in air
pollution prevention. (3) The partial dependent interaction effect study shows that the combination of
temperature, relative humidity, annual cumulative day, latitude, temperature and atmospheric boundary
layer height has a significant impact on PM, ; concentration change, indicating that to improve air quality

should start from the perspective of multi-factor collaborative governance.
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Table 1 Information table of influencing factors

Data type Data name Data code Units Data source
10m u-component of wind U m-s’
10m v-component of wind \Y% m-s’
2m temperature TMP K
L ERAS Dataset
Total precipitation PRE m . .
) (https://climate.copernicus.eu)
Evaporation EVA m
Relative humidity RH %
Natural factors
Boundary layer height BLH m
. NASA SRTM Digital Elevation Dataset
Elevation DEM m
(https://cmr.earthdata.nasa.gov)
Aspect ASPECT ©)
L MOD13A2 v6 Dataset
Vegetation index NDVI —
(https://lpdaac.usgs.gov)
) Landscan Dataset
Population POP —
(https://landscan.ornl.gov/)
L . NPP VIIRS Dataset
Human factors Nighttime lights NTL DN .
(https://eogdata.mines.edu/products/vnl/)
MCD12Q1.006 Dataset
Land use LuC -
(https://lpdaac.usgs.gov)
Longitude LON ) China Environmental Monitoring Station
Time and space factors Latitude LAT ) (http://www.cnemc.cn/)
Day of year YOD day
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Fig. 1 Random forest model inversion accuracy. (a) Train dataset; (b) test dataset
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Fig.2  Spatial distribution of original and estimated PM, ; concentration on August 20, 2018. (a) Original value; (b) estimate value
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Table 2 Seasonal model training parameter table

Main parameters

Model
n_estimators max_depth max_feature
Spring model 119 36 12
Summer model 119 37 12
Autumn model 123 36 13
Winter model 124 33 13
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Fig. 3  Seasonal model inversion accuracy on test dataset. (a) Spring model; (b) summer model;

(c) autumn model; (d) winter model
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Table 3 Area model training parameter table

Number of points per pixel

Number of points per pixel

Main parameters

Model
n_estimators max_depth max_feature
Eastern model 119 36 12
Central model 119 40 12
Western model 119 30 12
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Fig.4  Area model inversion accuracy on test dataset. (a) Eastern model; (b) central model; (c) western model
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Table 4 Accuracy table of model inversion
) Train dataset Test dataset
Kind Model " . . .
R Egys/(ug-m™) R Egys/(ug-m”)
Overall China model 0.99 3.97 0.91 10.13
Eastern model 0.99 3.48 0.91 9.41
Area Central model 0.99 3.54 0.93 9.07
Western model 0.98 4.85 0.86 12.71
Spring model 0.98 4.56 0.85 11.42
Summer model 0.97 2.57 0.78 7.15
Season
Autumn model 0.99 3.16 0.91 8.29
Winter model 0.99 5.15 0.91 13.67
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Table 5 Model precision comparison table
Train dataset Test dataset
Model . ; . .
R Egys/(g-m™) R Egys/(ng-m™)
Multiple linear regression 0.24 29.73 0.23 29.72
Extreme gradient boosting 0.78 15.75 0.75 16.47
Random forest 0.99 3.99 0.91 10.13
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