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Deep learning architecture based on satellite remote sensing
data for estimating ground-level NO, across
Beijing-Tianjin-Hebei Region
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Abstract: Nitrogen dioxide (NO,) has many adverse impacts on human health and climate change. With the
acceleration of urbanization and industrialization in China, NO, pollution has become a growing concern.
However, releveant research shows that the traditional monitoring results of a single site can only represent

the concentration of pollutants within a few square kilometers, and cannot provide large-scale pollutant
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distribution information. Compared with site monitoring, satellite remote sensing can provide large-scale
and spatiotemporal continuous data. Based on NO, column densities of Sentinel-5 Precursor and other
auxiliary data such as weather and population density, a deep learning model (DNN) to predict ground-
level NO, concentration is built in this work, and then the model is verified by two cross-validation
strategies. In the sample-based cross validation, the determination coefficient R, root mean square error
(RMSE) and mean absolute error (MAE) of the model are 0.80.7.72 wg/m’ and 5.31 wg/m’, respectively,
while in the site-based cross validation, they are 0.74.8.95 pg/m’ and 6.01 pg/m’, respectively. Both of
the two cross-validation results indicate that the DNN model has excellent overall predictive performance
and spatial generalization ability. In addition, the comparisons with the other classic geostatistics and
machine learning algorithms also show that the predictive performance of the deep learning algorithm is
better than that of the other methods. Finally, the trained model is applied to generate NO, distribution with

0.1° spatial resolution across Beijing-Tianjin-Hebei region.
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Fig. 1  Study area and distribution of ground-level monitor sites

1.2 DEFREHRIE

SSP &L T RARE SR MR T2, SSP AL 1 XHAUZ WML (TROPOMI), & i i 1A 2600 km,
H 7 56 AR, R 3RIA ) 7 km x 3.5 kme AH ELT-2004 48 5 56 1) 5502 B 43, TROPOMI 7E B A4
PE B RIESE T HAS 8 g B AR &, JF HABME LU 1 1~5 5" S5P X NO, Ak FE [ i 77 A ™
Tofr, 55— B 22 0 6B R SOE T P AR SEIN s, 53— F & GOME (Global ozone monitoring experiment) EL%
U572 (GODFIT) FH 7 A= vk FE 1) 20 46 73 AL BE i, 126 B GODFIT 553804, HE th KR AR =) (htteps://
copernicus.eu) & Afi »
1.3 |SRMEAMHEN R

ARG A W A ROBE R AR 0 R 56 ARG B 43 T B2 BE (ERAS, https://cds.climate.copernicus.



184 PNESRESTEO NS A A S 18 %&

ew), fFHE 2 m i (2m).2 m #Z SR (d2m). 10 m 42 17 K (u10) 10 m £ (7] R (v10) K58 (sp)~ 1A 72 & &
(bIh) FLEFEK (tp). i FEEE (£ SRTM3 %#5, H NASA (srtm.csi.cgiar.org) K A, 75 [8] 43 #5490 m; #h%
78 2 B 18 H GlobelLand30, H [E 5 #i# {5 2 Hh .0 (http://www.globallandcover.com) & A, 1ZE4EEE L& 10
ANHb K7 55 255, 2518150 HEE 8 30 m; A 1% 5 {4 F Gridded Population of World 2 4 it (GPWv4) £i#fi4E, th
NASA (http://sedac.ciesin.columbia.edu) & A7, 75 8] 43 HF % N 30",

T fdt B0 45 B DL SCRIEFAIFER 1 51 H

K1 RERE

Table 1 Data information

Data Spatial resolution Time resolution Source
Monitoring sites NO,/(pg-m?) - hour CNEMC
NO, column densities/(mol - m™) 7.5 km x 3.5 km day S5P
Meteorological 0.25° hour ERA5S
Elevation/m 90 m - SRTM3
Land use type 30 m 5 years GlobelLan30
Population density /(people -km?) 30 arc-second 5 years GPWv4
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Table 2 Comparison of the various models

Model Sample-CV Site-CV
R’ RMSE MAE R’ RMSE MAE
LR 0.68 9.42 7.37 0.55 11.52 9.05
GWR 0.73 8.97 6.46 0.71 9.71 7.20
SVR 0.75 8.39 6.33 0.72 9.35 6.69
GRNN 0.75 8.04 6.32 0.73 8.85 6.28
RF 0.80 7.74 5.39 0.71 9.70 6.84
DNN 0.80 7.72 5.31 0.74 8.95 6.01
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