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Abstract: China is becoming one of the most air-polluted countries and is experiencing severe PM.;s pollution.
To acquire spatially continuous PM,s estimates, numerous statistical methods have been developed through the
integration of ground- level measurements and satellite- based observations. The estimation of PM,s
concentrations in China is characterized by significant spatial nonstationarity and complex nonlinearity due to
the complicated terrain variability and wide geographical scope. Mapping the PM.,; distributions across China
with high accuracy and reasonable details is still challenging. Superior satellite-based PM, ;s estimation models
need to be developed. Taking advantage of a newly proposed Geographically Neural Network Weighted
Regression (GNNWR) model that simultaneously accounts for spatial nonstationarity and complex nonlinearity,
we developed a satellite- based GNNWR model to obtain spatially continuous PM,s estimates in China. To
comprehensively assess the predictive power of the GNNWR model, the widely used Ordinary Linear
Regression (OLR) and Geographically Weighted Regression (GWR) models were also carried out for
performance comparison. Experimental results demonstrated that the GNNWR model performed considerably
better than the OLR and GWR models in terms of multiple statistical indicators, including coefficient of
determination (R?), Root Mean Square Error (RMSE), Mean Absolute Error (MAE), and Mean Absolute
Percentage Error (MAPE). Most notably, the fitting accuracy of GNNWR was slightly better than GWR, but its
prediction ability was much superior to GWR since the predictive R* of GWR was significantly improved from
0.683 to 0.831 and the RMSE value was considerably reduced from 9.359 to 6.837. Moreover, the mapped PM,

distributions derived from the GNNWR model presented more reasonable and finer details at a higher accuracy
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than the other models. Although the spatial trends estimated by GWR and GNNWR models were quite
consistent, the estimates of the GNNWR model were more accurate and reasonable since its values were much
closer to the ground monitoring observations than those of the GWR model, especially for areas with high PM,;
concentrations, such as Hebei Province and southern Shaanxi Province. In addition, thanks to the excellent
learning ability of the neural network, the spatial variations in GNNWR estimates were more sophisticated and
displayed a richer hierarchical structure of local changes than that of GWR estimates, which better described the
varying details of the PM,s across China. In summary, the GNNWR model is a reliable method to effectively
estimate PM.;sconcentrations and can also be used to model various air pollution parameters.

Key words: air pollution; PM,; estimations; spatial nonstationarity; geographically neural network weighted re-

gression; geographically weighted regression; ordinary linear regression; remote sensing; China
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Fig. 1 Spatial distribution of the PM,s monitoring stations
of China in 2017 and the spatial partitions of the training,

validation, and testing datasets
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Fig. 2 Pre-processing of the experimental dataset
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Fig. 5 Training and validation procedures of the GNNWR model
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Fig. 6 Performance variations for the training and validation datasets of the GNNWR model
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Tab. 4 Exploratory analysis and descriptive statistics of the experimental dataset across China in 2017

iy PM.,/ (ug/m’) AOD DEM /m R/ K Pk i/ m JAUTE/ (m/s) PEIS
A REL - 0.564 -0.345 0.135 -0.234 -0.373 -0.461
B AT - 0.001 0.001 0.001 0.001 0.001 0.001
J5 2N A - 3.005 1.636 4.639 2.107 2357 4.184
FEIE 46.07 0.540 393.460 288.000 8.95E-05 7.080 147.990
bR 15.56 0.180 658.460 5.170 4.82E-05 0.940 43.150
e/ MHE 8.34 0.070 -5.250 271.810 1.06E-06 4.430 80.110
IS ON|1 103.89 1.140 4539.960 297.720 2.34E-04 11.500 236.040

%5 OLR, GWR#1 GNNWRHEE! i) PM, SU S FAFRM L5 R
Tab. 5 Fitting and prediction performances of the PM,; estimates for the OLR, GWR, and GNNWR models

_— LR AR ) DA (FTPRT L)
R RMSE MAE — MAPE/% AICc F p-value R RMSE MAE ~ MAPE/%
OLR 0.517 10.578 8.132 20.2 7579.202 - - 0.477 12.023 8.838 19.7
GWR-AFG 0.759 7.478 5.797 14.5 6999.491 0.538 0.010 0.683 9.359 6.963 16.1
GWR-AAB 0.898 4.860 3.478 8.7 6673.537 0.297 0.010 0.675 9.484 5.423 12.6
GNNWR 0914 4.452 3.235 7.9 5833.002 0.137 0.010 0.831 6.837 4.688 11.0
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Tab. 6 Spatial nonstationarity diagnosis of each variable in the GNNWR model

_— GWR-AFG GWR-AAB GNNWR
F, p-value F p-value F, p-value

B A 2407.9 0.001 1269.1 0.001 590.5 0.001
AOD 1379.7 0.001 1199.4 0.001 243.7 0.001
DEM 1983.9 0.001 1272.2 0.001 146.7 0.001
TR 3783.7 0.001 1229.6 0.001 127.7 0.001
Rk it 1237.4 0.001 1170.1 0.001 2147 0.001
ABo 1626.0 0.001 1016.2 0.001 159.0 0.001
| 2379.8 0.001 1081.6 0.001 73.6 0.001
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Fig. 7 Estimates of the annual mean PM,; across China in 2017
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Fig. 8 Details comparison of the annual mean PM., s estimates between the GWR and GNNWR models
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Fig. 9 Spatial distribution of absolute estimation errors of the annual mean PM,; of China in 2017 for the OLR, GWR, and
GNNWR models
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