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Table S1. Summary of the data sources used in this study.

Spatial Temporal
Variable Description Data Source
Resolution ~ Resolution
PM2.5 PM2.5 - hourly CNEMC (http://www.cnemc.cn)
Aerosol optical depth MODIS products (MCD19A2)
AOD 1km x 1 km Daily
(550 nm) (https://ladsweb.nascom.nasa.gov/)
Boundary layer
BLH
height
RH Relative humidity ERADS reanalysis products
0.25°x0.25° Hourly
TEM 2-m air temperature (https://cds.climate.copernicus.eu/)
SP Surface pressure
WS 10-m wind speed
Normalized
NDVI difference 1km x 1 km Monthly MODIS products
vegetation index (https://ladsweb.nascom.nasa.gov/)
LUCC Land-use cover 500m x500m  Annual
SRTM
DEM Elevation 30m x 30 m -

(http://gdex.cr.usgs.gov/gdex/)
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Table S2. Comparison of performances of the STW-LightGBM model and other AOD-based

models applied in previous studies at the national scale in China.

Cross Validation

Spital Regression
Reference Model Period RMSE
Resolution = R? Equation
(ng/m?)
Geo-BPNN 0.84 15.23 -
Li, et al. [1] Geo-GRNN 2015 10 km 0.82 16.93 -
Geo-DBN 0.88 13.03 -
GTWR 0.80 18.00 Y=0.81X+11.69
He and Huang [2] Two-stage 2015 3 km 0.72 21.01 Y=0.73X+16.67
D-GWR 0.71 21.21 Y=0.79X+12.92
You, et al. [3] GWR 2014 3km 0.79 18.60 Y=0.83X+9.44
Li, et al. [4] GRNN 2013-2014 3km 0.816 20.93 Y=0.616X+22.90
ML 0.53 30.40 Y=0.53X+25.3
Xue, et al. [5] 2013-2016 3 km
ML + GAM 0.61 27.80 Y=0.61X+21.2
Chen, et al. [6] RF 2014-2016 10 km 0.83 18.08 Y=1.07X-4.64
Chen, et al. [7] XGBoost 2014-2015 3 km 0.86 14.98 -
Zhang, et al. [8] GBDT 2017 3km 0.81 11.57 Y=0.78X+9.97
RF 0.81 17.91 Y=0.77X+12.56
Wei, et al. [9] 2016 1 km
STRF 0.85 15.57 Y=0.82X+9.64
Wei, et al. [10] STET 2013-2018 1 km 0.887 14.6 Y=0.86X+7.11
He, et al. [11] ASTR 2013-2018 1 km 0.59 27.18 Y=0.61X+20.97
This study STW-LightGBM  2015-2020 1 km 0.92 10.00 Y=0.9X+0.47
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Figure S1. Spatial distribution of PM2.5 monitoring stations included in this study. The

background is digital elevation, and the yellow cross is PM2.5 station.

Hyperparameter Tuning for LightGEM
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Figure S2. The visualization result of STW-LightGBM parameter adjustment.
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Figure S3. China’s PM2.5 observed and predicted standard error ellipse from 2015 to 2020.
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Figure S4. Changes in PM2.5 concentration in China from 2015 to 2020.
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