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Abstract

Background
Identifying spatiotemporal characteristics of daily �ne particulate matter (PM2.5) concentrations is
essential for assessing air quality. Exposure analysis can help understand the environmental health
impact on human beings and provide basic information for appropriate decision making. This study
aimed to estimate daily PM2.5 concentrations and analyze the resident exposure level in the economically
developed Yangtze River Delta (YRD) from 2016–2018.

Methods
An integrated method incorporating satellite-based aerosol optical depth (AOD), machine learning models
and multi-time meteorological parameters were developed. Ten-fold cross validation (CV) was
implemented to evaluate the model performance.

Results
Compared to the models with daily means of meteorological �elds, the models with multi-time
meteorological parameters had higher CV R2 and lower CV root mean square error (RMSE) values. The
model with the best performance achieved sample- (site-) based CV R2 values of 0.88 (0.88) and RMSE
values of 10.33 (10.35) µg/m3. The YRD region is seriously polluted (exceeding the World Health
Organization (WHO) Interim Targets (IT)-1 standard of 35 µg/m3) during our study period, especially in
Jiangsu Province, but with an improving trend. The residents in Zhejiang Province suffered the least from
exposure, with 39 days (4% of the total days) characterized as over polluted (daily average > 75 µg/m3) in
our study period. Air pollution in Shanghai Municipality mitigated the most from 2016 to 2018.

Conclusions
With the advantages of high-accuracy and high-resolution (daily and 0.01°×0.01° resolutions), the
proposed method can help explore the effect of air pollution to human health spatiotemporally and guide
for environmental policy planning.

Introduction
Fine particulate matter with aerodynamic diameters less than 2.5 µm, also known as PM2.5, not only
threatens human health by increasing the risk of many diseases including acute lower respiratory illness,
cerebrovascular disease, ischemic heart disease, chronic obstructive pulmonary disease, lung cancer, and
stroke [1–6], but also causes economic loss [7]. According to the Global Burden of Diseases study, a total
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of approximately 3 million deaths globally were attributable to PM2.5 pollution in 2017, making it the
eighth leading risk among 84 risk factors [8]. With rapid urbanization and industrialization in China,
human activities such as transportation and fuel consumption have emitted increasing PM2.5 into the air
[9]. To control nationwide air pollution, the Chinese government enacted the Air Pollution Prevention and
Control Action Plan in 2013 [10], and established approximately 1500 air quality monitoring sites across
the nation. However, the sparse and uneven distribution of these sites imposes restrictions on the spatial
resolution and high accuracy assessment of PM2.5 concentrations.

In the last few decades, aerosol optical depth (AOD) retrieved via remote sensing has represented a major,
though still underused, source of atmospheric environmental monitoring by providing consistent
spatiotemporal coverage over large areas. Previous studies have explored the relationship between
satellite-derived AOD and ground-level PM2.5 [11–16]. AOD represents the integral of the atmospheric
extinction coe�cient from the surface to space and can be retrieved by various sensors, such as the Sea-
viewing Wide Field-of-view Sensor [17], the Multi-angle Imaging SpectroRadiometer [18], the Advanced
Himawari-8 Imager [19], and the Moderate Resolution Imaging Spectroradiometer (MODIS) [20], The
newly released MODIS AOD product, MCD19A2, has a better spatial resolution of 1 km compared to the
traditional AOD products [21]. In addition, based on the advanced Multi-Angle Implementation of
Atmospheric Correction (MAIAC) algorithm, this newly released product could overcome the shortage of
dark-target algorithms and have higher accuracy over both dark and bright surfaces [22, 23].

Much less known than remote sensing, the estimation model has been proven to be a useful tool for
effectively quantifying the AOD-PM2.5 relationship and then mapping the PM2.5 distribution spatially.
Three major approaches are commonly applied, including physical models based on vertical correction
and humidity correction [24–28], chemical models with air transportation simulations [29] and statistical
models [30]. Statistical regression models are the most widely used approaches due to the increasingly
available site-monitored PM2.5 data and their adequate performance. Early studies modeled the AOD-
PM2.5 relationship using multiple linear regression [31, 32], the linear mixed effect model [33, 34], and the
geographically and temporally weighted regression model [35, 36]. Recently, as a branch of arti�cial
intelligence, machine learning methods such as random forest (RF) [37, 38] and gradient boosting
regression (GBR) [39] were introduced to map the relationship between AOD and PM2.5. As the AOD-PM2.5

relationships are both spatially and temporally heterogeneous, a wide range of auxiliary predictors are
incorporated in the model [38]. Compared to conventional statistical models, machine learning models
can overcome high-order interactions and capture complex nonlinearity among the predictor variables,
which also yields superior results [40].

Central to much of the debate is the di�culty in selecting feasible predictor parameters, such as
elevation, land-cover types, and local emissions [40, 41], among which the meteorological parameters
seemed to be the most critical variables [42, 43]. Meteorological parameters such as wind gust,
precipitation and boundary layer height always have a negative relationship with PM2.5 concentration,
whereas solar radiation and relative humidity have a positive relationship with PM2.5 concentration; all of
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these variables have signi�cant effects on the transport and transformation of PM2.5 pollutants [44–46].
Previous studies always employed the daily means of meteorological �elds [14]. However, the
meteorological �elds at different times of the day vary signi�cantly and cannot be simply demonstrated
by daily mean values. For example, due to solar radiation and heat storage in the atmosphere, the
temperature at noon is higher than that at dawn and night, whereas relative humidity has the opposite
pattern [47]. The diversi�cation of wind speed and wind direction is complex within a day, making it
di�cult to predict [48]. Moreover, the boundary layer height often follows a gamma distribution and peaks
at noon [49]. Despite the fact that we aim to estimate daily mean PM2.5 concentrations, there could be a
side effect on the accuracy of PM2.5 modeling by ignoring the inner-day variations in weather conditions.
By incorporating multi-time meteorological parameters, the inner-day variations of PM2.5 concentrations
could be considered, which helps the improvement of model accuracy. The combination of remote
sensing-based machine learning models and multi-time meteorological parameters could provide more
accurate and spatially consistent information about urban air quality and consequently allow for an
improved understanding of the impacts of urban development on human health.

As a case study in the Yangtze River Delta (YRD), one of the most rapidly developing and economically
developed regions in China, this paper explored the spatiotemporal dynamics of the daily ground-level
PM2.5 concentrations and then exposure risk by using remote sensing-based AOD and machine learning
models. Bearing in mind the importance of feasible and effective parameters for the estimation model, in
addition to the normalized different vegetation index (NDVI), elevation, day of the year, and location, this
study speci�cally adopted multi-time meteorological parameters instead of the daily means. We
evaluated and compared our proposed method using sample- and site-based ten-fold cross validation
(CV). Subsequently, the spatiotemporal distribution of PM2.5 concentrations with a 0.01°×0.01° resolution
was inferred and the population-weighted PM2.5 revealing the resident exposure level was analyzed in the
YRD during 2016–2018.

Materials And Methods

Study Area
The YRD is located in east China, including Jiangsu Province, Zhejiang Province, and Shanghai
Municipality (Fig. 1). Its terrain is elevated in the south and depressed in the north, and it is one of the
most developed regions in China, with a population of more than 150 million, while the area is only
approximately 20 million km2. The high density of residents living in the YRD has resulted in residents
suffering from severe air pollution due to rapid urbanization, as high concentrations of PM2.5 and O3

have been monitored increasingly frequently [50]. Several policies for controlling the YRD air pollution
have been made at both local and regional levels [51], such as Air pollution control plans for key
industries in the YRD region [52], and Action plans for comprehensive treatment of air pollution in the
YRD region during autumn and winter [53]. Understanding the spatiotemporal distributions of PM2.5 in the
YRD is still urgent to help develop more effective control strategies.
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Ground-level PM2.5 Data
There were 176 air quality monitoring sites in the study area (Fig. 1). We collected hourly PM2.5

monitoring data during 2016–2018 from the China National Environmental Monitoring Center (CNEMC,
http://www.cnemc.cn/). Many sites had less than 12 valid hourly data points within a day, and the
measurements remained the same for more than three continuous hours due to instrument malfunction.
We excluded the data under the above conditions in our experiment and then calculated the daily mean
PM2.5 concentrations for each station [54]. Finally, we applied log transformation to the data.

MAIAC AOD Data
In this work, we utilized the daily 1 km MAIAC AOD product at 550 nm retrieved from the MODIS Terra and
Aqua satellites. All of the MAIAC AOD data from 2016 to 2018 were downloaded from the NASA Level-1
and Atmosphere Archive & Distribution System Distributed Active Archive Center website
(https://ladsweb.modaps.eosdis.nasa.gov/). We only selected the highest quality AOD data through the
attribution “QA_FLAG” in the dataset.

To handle the non-random missingness in MAIAC AOD product caused by cloud cover, high surface
re�ectance, and high aerosol loading [55], we combined the Terra and Aqua MAIAC AOD products. For
each grid, if both Terra and Aqua AODs were available, the average value was calculated. If only one
product was available, either Terra or Aqua AOD, the grid value equaled to the available one.

AERONET AOD Data
To ensure the accuracy of MAIAC AOD in the YRD, we evaluated the performance of MAIAC AOD product
based on the Aerosol Robotic Network (AERONET) observations (http://aeronet.gsfc.nasa.gov/). The
selected AERONET sites were listed in Table S1. AERONET AOD at 550 nm was interpolated from
AERONET AOD at 500 nm and 675 nm [54]. Figure S1 shows the scatter plots of the MAIAC AOD and
AERONET AOD. Despite several anomalies, MAIAC AOD matched well with AERONET AOD. The RMSE
and MAE values were 0.12 and 0.09, indicating the good estimation accuracy of MAIAC AOD products in
the YRD. Thus, it is possible to use MAIAC AOD product to estimate the daily PM2.5 concentration in the
YRD.

Meteorological Data
Six meteorological parameters at a spatial resolution of 0.125°×0.125° were downloaded from the
European Centre for Medium-Range Weather Forecasts (ECMWF, http://www.ecmwf.int/). ERA-Interim
reanalysis data, as one of the most popular products by the ECMWF, have provided continuous real-time
meteorological parameters every 6 hours since 1979 [56], including 2-meter temperature (T2M), surface
pressure (SP), boundary layer height (BLH), relative humidity (RH), 10-meter U wind component (WU10M),
and 10-meter V wind component (WV10M). Except for the BLH, which was not available at 00:00 UTC, all
of the other meteorological parameters were extracted at 00:00, 06:00, and 12:00 UTC, corresponding to
local times of 08:00 (morning), 14:00 (afternoon), and 20:00 (evening).
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Other Datasets
Digital elevation model (DEM) data were extracted from the Advanced Spaceborne Thermal Emission and
Re�ection Radiometer Global Digital Elevation Map version 1, which has a spatial resolution of 30 m
(http://www.gscloud.cn). LandScan population data (1 km × 1 km) developed by the Oak Ridge National
Laboratory were downloaded from the following website: https://landscan.ornl.gov/landscan-datasets.
MODIS monthly NDVI products MOD13A3 and MYD13A3 at a 1 km resolution were obtained from the
same source as the MAIAC AOD data.

Data Preprocessing
Because of the inconsistencies in the meteorological data, NDVI data, DEM data, and AOD data, we
resampled all of the data to the same spatial resolution of 0.01°×0.01° by linear interpolation. Ground
monitoring PM2.5 data were assigned to the nearest 0.01°×0.01° grid, and the average value was
calculated if there were two or more monitoring sites within one grid. After data preprocessing, there were
31469 matched records in the study period.

Model Description
Machine learning models usually have two types, the ensemble one and the individual one. The ensemble
machine learning models can be further divided into models based on bagging and boosting. Thus, the
three different types of machine learning models were considered in our study. First, the RF algorithm, an
ensemble machine learning method based on bagging, can be utilized for classi�cation or regression and
consists of many independent weak decision trees [57]. Each tree in the model is generated by a random
bootstrap sample, and a subset of features is selected to split the tree. The �nal output of the model is
made by averaging the predictions of each individual tree [58]. The second model is the GBR model,
which is also an ensemble machine learning model but based on boosting. It is built by iteratively
combining weak models via �nding the best gradient descent step and minimizing the error of the loss
function [59]. The last model is the K-nearest neighbor (KNN) regression model, which is not an ensemble
model. By looking for the K-nearest neighbors in the training data at the feature space, the output of the
model is the average of these K neighbors [60].

The following predictors were incorporated in these models: MAIAC AOD, NDVI, DEM, day of the year
(DOY), longitude (LON), latitude (LAT) and multi-time meteorological parameters (referred to as the Mete-
multi model). It is expressed as follows:

where PM2.5_st represents the daily mean PM2.5 concentration at location s on day t; f() represents
machine learning models (RF, GBR, or KNN); AODst and NDVIst represent MAIAC AOD and NDVI at location
s on day t, respectively; DEMsis the elevation at location s; DOYt represents day of the year indicating the
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temporal variation; LONs and LATs are the longitude and latitude of location s, indicating the spatial
variation; METE8_st, METE14_st, and METE20_st represent meteorological parameters at local times of
08:00 (morning), 14:00 (afternoon), and 20:00 (evening)at location s on day t, including T2M, SP, BLH, RH,
WU10M, and WV10M.

Moreover, for comparison purposes, models based on the daily means of the meteorological �elds were
built (referred to as the Mete-mean model). The expression is as follows:

where METEmean_strepresents the daily mean value of meteorological parameters at location s onday t,
including T2M, SP, BLH, RH, WU10M, and WV10M.

In summary, we developed six models, named RF (Mete-multi), GBR (Mete-multi), KNN (Mete-multi), RF
(Mete-mean), GBR (Mete-mean), and KNN (Mete-mean).

Model Validation and Evaluation
To evaluate the model performance and validate the robustness of the model, we applied the commonly
used ten-fold CV based on the samples and sites. The dataset was �rst randomly split into ten parts, each
with 10% of samples in the sample-based CV and 10% of ground sites in the site-based CV. Then, the
model was �tted ten times to ensure that all of the data were tested: for each �t, only one part was treated
as the testing data, and the rest were treated as training data. The coe�cient of determination (R2), root
mean square error (RMSE), and mean absolute error (MAE) were utilized to quantitatively assess the
performances of the models. The speci�c formulas of the above statistical metrics are provided in the
Supplementary Material.

Results And Discussion

Descriptive Statistics of the Dataset
Figure S2 presents the histogram and descriptive statistics of the predictors in our model. Daily PM2.5

concentrations range from 4.33 to 303.59 µg/m3, with an average of 54.34 µg/m3. The MAIAC AOD
varied from 0.01 to 2, with an average of 0.47, which had a distribution similar to that of PM2.5. There
were signi�cant variations in the BLH with time, which had a normal distribution at 14:00 but an
extremely skewed distribution at 20:00. We also calculated the Pearson correlation coe�cients between
the variables (Figure S3). The results showed that the AOD had the highest correlation with PM2.5 among
the predictors (R = 0.49, p < 0.01), indicating a relatively close relationship between PM2.5 concentrations
and the AOD. Meteorological parameters at different times of the day were highly correlated with each
other, especially the temperature and surface pressure, with correlation coe�cients higher than 0.95 (p < 
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0.01). As mentioned previously, the machine learning algorithm can cope with collinearity problems and
is applicable for dealing with these highly correlated predictors [61].

Model Evaluation
The performances of the three types of machine learning models were evaluated through sample- and
site-based 10-fold CV (Table 1). Overall, the RF (Mete-multi) model outperformed all of the other models,
with site- (sample-) based CV R2, RMSE, and MAE values of 0.88 (0.88), 10.35 (10.33) µg/m3, and 7.00
(6.95) µg/m3, respectively. The GBR models were the most unsatisfactory, with CV R2 values less than
0.70. On the other hand, all three models with multi-time meteorological parameters outperformed the
corresponding models with daily mean meteorological parameters. The RF (Mete-multi) and GBR (Mete-
multi) models had a slight increase of 0.01 in the R2 value and decreases of 0.3–0.5 µg/m3 in the RMSE
value and 0.2–0.3 µg/m3 in the MAE value. The proposed method of utilizing multi-time meteorological
parameters promoted the KNN model most, with the CV R2 value increasing by 0.06 and the RMSE (MAE)
value decreasing by approximately 2 (1) µg/m3. These results indicated the effectiveness of
incorporating the multi-time meteorological parameters in machine learning models.

Table 1
Comparison of different proposed methods through ten-fold CV

Model Site-based CV Sample-based CV

  R2 RMSE MAE R2 RMSE MAE

RF (Mete-multi) 0.88 10.35 7.00 0.88 10.33 6.95

GBR (Mete- multi) 0.66 17.46 12.21 0.67 17.23 12.05

KNN (Mete- multi) 0.85 11.79 8.02 0.85 11.83 8.01

RF (Mete-mean) 0.87 10.68 7.23 0.88 10.63 7.15

GBR (Mete-mean) 0.65 17.86 12.49 0.66 17.71 12.37

KNN (Mete-mean) 0.79 13.77 9.27 0.79 13.74 9.25

The bold font indicates the best performances among the models. RF: random forest model. GBR:
gradient boosting model. KNN: K-nearest-neighbor model. Mete-mean: daily mean of meteorological
�elds as predictors in the model. Mete-multi: meteorological parameters at different times of the day
as predictors in the model.

Given the difference in weather conditions from morning to night, the daily mean values of the
meteorological �elds could not well re�ect the inner-day variations and may be insu�cient in estimating
PM2.5 concentrations. Low temperature and high relative humidity usually result in high PM2.5

concentrations because of the proper conditions for new particle formation [45]. However, the sinusoidal
curve patterns of the temperature and relative humidity diurnal variations [47] cannot be fully
demonstrated by the daily mean values. Diurnal wind speed and wind direction patterns were more
complicated and generally not rigorously sinusoidal [48], and diurnal changes could signi�cantly
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in�uence the transport of pollutants [46]. The surface pressure often peaked in the morning and was
lowest in the afternoon [62]. Low surface pressure resulted in high wind speed and helped the dispersion
of pollutants. The boundary layer height, which had an anti-correlated relationship with PM2.5

concentrations [63], was stable and shallow at night but high during the daytime [49]. By utilizing the
multi-time meteorological parameters, the diurnal patterns of these meteorological �elds and PM2.5

concentrations were considered in the estimation model, which improved the model performance. Our
results revealed that by replacing the daily mean values with multi-time meteorological parameters, the
model performance could be enhanced.

In the following sections, daily PM2.5 concentrations in the YRD were estimated using the RF (Mete-multi)
model, as it achieved the best performance. As one of the most economically developed regions in China,
many studies have tried to generate ground-level PM2.5 loadings in the YRD by satellite-driven models [26,
33, 54]. Q Xiao, Y Wang, HH Chang, X Meng, G Geng, A Lyapustin and Y Liu [54] �t the relationship
between PM2.5 and the MAIAC AOD with a two-stage model, obtaining a CV R2 value of 0.81. Z Ma, Y Liu,
Q Zhao, M Liu, Y Zhou and J Bi [33] implemented a nested linear mixed effect model to retrieve PM2.5

concentrations at a 3 km resolution with MYD04_3K AOD data and reported a CV R2 value of 0.671. The
proposed RF (Mete-multi) model (CV R2 = 0.88) outperformed these previous studies in estimating daily
PM2.5 concentrations in the YRD at a �ner resolution of 0.01°×0.01°. Figure 2 shows the density
scatterplots of the model �tting and validation results for the RF (Mete-multi) model, and the spatial site-
based CV results. It is worth noting that despite the estimation results of the RF (Mete-multi) model
matching well with ground-level measurements (model �tting R2 = 0.98), the proposed model was likely to
underestimate the ground-level PM2.5 concentrations when greater than approximately 50 µg/m3 (slope = 

0.94, intercept = 2.67). The spatial site-based CV results showed local R2 values ranging from 0.37 to 0.98
and RMSE values varying from 2.75 to 19.63 µg/m3, with about 80% of the monitoring sites reporting R2

values higher than 0.80 and RMSE values lower than 12 µg/m3. High-performance sites were mainly
located in the inland regions of the study area. Meanwhile, there were two major regions where our
proposed model had a slightly unsatisfactory performance. One was the region near the coastline, and
the other was the region in northwest Jiangsu Province. Monitoring sites near the seashore often reported
a low CV R2 with a high CV RMSE, this phenomenon was mainly caused by the high uncertainty of the
MAIAC AOD data near water [64]. The northwestern Jiangsu Province, with a CV RMSE at the monitoring
sites greater than 12 µg/m3, suffered from large estimation errors. Because of the severe pollution in the
northwestern Jiangsu Province, with annual mean PM2.5 concentrations greater than 65 µg/m3, the
proposed model had underestimated outputs in most circumstances. This was mainly attributed to the
scarcity of matching data at high PM2.5 concentrations [65].

Spatiotemporal Dynamics
The estimated PM2.5 concentrations in the 0.01°×0.01° grid by the RF (Mete-multi) model and ground-
level measurements are displayed in Fig. 3. Overall, the estimated average PM2.5 concentration in the
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study area was 48.04 µg/m3 during 2016–2018, while the average of the ground-level measurements
was 45.09 µg/m3, indicating a tight estimation consistency. Almost all regions in the study area exceeded
the annual Chinese National Ambient Air Quality Standard (CNAAQS) [66] of 35 µg/m3 in 2016 and 2017,
which resulted in a serious health concern for the YRD. When it comes to 2018, part of the south Zhejiang
Province was up to the standard, while the other regions failed to reach the standard but had a
decreasing trend.

The spatial variations are also clear in Fig. 3. There was a declining gradient from north to south,
revealing the differences in local emissions, topography and meteorology. The most heavily polluted area
was in northwest Jiangsu Province. As the only region with centralized residential heating in the study
area, a large number of pollutants was emitted into the air due to fossil fuel burning in winter, which
resulted in unsatisfactory air conditions to some degree. The lighter pollution in the south was attributed
to the dense vegetation coverage across the rolling mountains with a signi�cant reduction in human
activities. In the middle of the study area (north of the Zhejiang Plain, Shanghai Municipality and south of
Jiangsu Province), PM2.5 concentrations ranged from 35 to 75 µg/m3. This region was the most
developed metropolitan region in the study area, and intensive human activities such as vehicle
transportation and fuel consumption were the main emission sources [50]. In addition, the high density of
skyscrapers and mansions impeded the diffusion of pollutants [67].

Our proposed model captured not only spatial patterns, but also seasonal patterns. Figure 4 illustrates the
seasonal patterns of estimated PM2.5 during the study period. It was obvious that winter suffered the

heaviest air pollution, with a three-year mean PM2.5 concentration of 59.74 µg/m3. Summer experienced

the slightest �ne particulate matter pollution, with the lowest mean PM2.5 concentration of 28.14 µg/m3.
Apart from the anthropogenic emissions that varied with season, such as the much higher fuel
consumption in winter, meteorological conditions also played an important role. As the BLH was relatively
lower in the cold season, the temperature inversion was signi�cant, causing the particles di�culty in
dispersing [68]. On the other hand, favorable weather conditions, such as frequent precipitation in
summer helped wash out the �ne particles suspended in air [69], and the high relative humidity
accelerated the dilution of pollutants [38].

The temporal changes during the study period are shown in Figure S4. The PM2.5 concentrations in the

study area were mitigated by approximately 9.55 µg/m3 from 2016 to 2018. There was a slight increase
between 2016 and 2017 in western Jiangsu Province. Compared to the regions with fewer human
activities, the decline in the PM2.5 concentrations in metropolitan areas was more signi�cant. The area
with the most enhanced concentration of PM2.5 was the north Zhejiang Plain, the Shanghai Municipality
and the southern region of Jiangsu Province, where anthropogenic emissions contributed the most to air
pollution [51]. Since 2013, the Chinese government intended to mitigate severe air pollution across the
nation, and the Air Pollution Prevention and Control Action Plan (also called the Ten Measures of Air) was
released [70]. These improving trends suggested that series of strict air pollution control policies and
measures had indeed taken effect, as these actions included energy conservation, the promotion of
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cleaner fuels and the optimization of the industrial structure. All of these actions focused on reducing
local emissions from human activities [66].

Exposure Analysis
Aside from the spatial and temporal distributions of PM2.5, another important issue was the accurate
assessment of the resident exposure level to PM2.5 in populated areas. Thus, we calculated the
population-weighted PM2.5 concentrations of Jiangsu Province, Zhejiang Province, and Shanghai
Municipality in the period 2016–2018. The annual residential exposure level to PM2.5 concentrations is
shown in Table 2. Thanks to the implementation of emission control policies, the residential exposure
level to PM2.5 decreased signi�cantly from 2016 to 2018. Shanghai Municipality improved most, with

approximately 20 µg/m3 of the decrease, and the other two provinces improved by approximately
10 µg/m3. It was worth noting that the exposure analysis revealed the severe air pollution still needed
attention in the YRD. Until 2018, PM2.5 concentrations still exceeded the World Health Organization

(WHO) Interim Targets (IT)-1 standard of annual PM2.5 concentration as well as the CNAAQS (35 µg/m3),

with concentrations of 50.56 µg/m3, 38.62 µg/m3, and 41.95 µg/m3 in Jiangsu Province, Zhejiang
Province, and Shanghai Municipality, respectively.

Table 2
Annual exposure PM2.5 concentrations in Jiangsu Province, Zhejiang Province and

Shanghai Municipality.
Region Population

(million)

Population-weighted PM2.5 concentrations

(µg/m3)

2016 2017 2018

Jiangsu Province 56.17 61.43 54.84 50.56

Zhejiang Province 38.18 50.47 46.80 38.62

Shanghai Municipality 16.38 60.45 46.75 41.95

Subsequently, the dynamics of daily exposure PM2.5 concentrations are illustrated in Fig. 5(a). The

CNAAQS level-2 standard of daily PM2.5 concentrations was 75 µg/m3, above which poor air conditions
may have adverse impacts on residents. There were 139, 33, and 49 days characterized as over-polluted
(> 75 µg/m3) in Jiangsu Province, Zhejiang Province and Shanghai Municipality, respectively. The number
of days when the health of residents was potentially impacted in Jiangsu Province was approximately
four times that in Zhejiang Province and two times that in Shanghai Municipality. The time series of
PM2.5 concentrations also revealed a strong seasonal pattern. It was mostly in summer that PM2.5

loadings were under the CNAAQS daily level-1 standard (35 µg/m3), and severe air pollution peaked in
winter. Although the pollution peaks were more severe in 2018 than in 2017, the number of days that
reached the CNAAQS standard increased, showing an improving trend in the residential exposure level to
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PM2.5. Before 2018, almost all residents in the YRD were exposed to an annual mean PM2.5 greater than

the WHO-IT1 standard of 35 µg/m3 (Fig. 5(b) (c)). However, 20% of the population in Zhejiang Province
lived in areas meeting the WHO IT-1 standard in 2018, while the other two regions still had less than 1% of
the population (Fig. 5(d)). The distribution of the population exposure level in Shanghai Municipality was
similar to that in Jiangsu Province in 2016. Part of the population in Zhejiang Province was exposed to a
higher level of PM2.5 than residents in Shanghai Municipality in 2017, whereas 100% of the population in
Zhejiang Province suffered less PM2.5 exposure in 2016. In 2018, the PM2.5 exposure level in Shanghai
Municipality was much better than that in Jiangsu Province but worse than that in Zhejiang Province.

Conclusion
In this study, daily PM2.5 concentration was estimated via an integrated method incorporating satellite-
based aerosol optical depth (AOD), a machine learning model and multi-time meteorological parameters.
The proposed models with multi-time meteorological parameters was compared with the models with
daily mean meteorological parameters. The results indicated that multi-time meteorological parameters
could enhance the estimation accuracy by considering the inner-day variations in weather conditions. The
spatiotemporal distribution and exposure level of PM2.5 in the YRD from 2016 to 2018 were obtained via

the proposed method. The YRD was seriously polluted (exceeding the WHO IT-1 standard of 35 µg/m3)
during the period, especially in Jiangsu Province, but with an improving trend. The residents in Zhejiang
Province suffered the least from exposure, with 39 days (4% of the total days) characterized as over
polluted (daily average > 75 µg/m3) in our study period. Thanks to the strict air pollution control policies
and measures, air condition in Shanghai Municipality promoted the most from 2016 to 2018.

While the proposed method of incorporating a remote sensing-based machine learning model and multi-
time meteorological parameters showed good performance in the YRD, larger geographic regions may
introduce unpredictable problems. Estimating PM2.5 concentrations in large areas, such as China, by
machine learning models with multi-time meteorological parameters will be explored in our future work.
Second, we will try to �ll the data gap in the MAIAC AOD data due to cloud contamination. Several studies
have shown that after imputation, the degree of differences in the estimated PM2.5 and measured PM2.5

could be signi�cantly improved [54, 71]. Finally, associated with long-term epidemical data, the proposed
method will help improve the understanding of the impact of PM2.5 exposure to residents and help make
better recommendations for air pollution control policies.
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Figures

Figure 1

Locations of the study area and ground PM2.5 monitoring stations.
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Figure 2

Density scatterplots of model �tting (a) and the sample-based (b), site-based (c) CV results of the RF
(Mete-multi) model. (d) and (e) are the site-based ten-fold CV results at each monitoring station. (d) CV
RMSE, where the red color represents high estimation bias and the green colorrepresents low bias. (e) CV
R2, wherethe red color represents a high coe�cient of determination and the green color represents a low
coe�cient of determination.

Figure 3
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Yearly mean distribution of estimated PM2.5 concentrations and the ground-level monitoring sites. The
red color represents the high PM2.5 concentrations, and the green color represents the low PM2.5
concentrations. (a) 3-year average PM2.5 concentrations. (b), (c), (d) Mean PM2.5 concentration
distributions in 2016, 2017 and 2018.

Figure 4

3-year seasonal mean distribution of estimated PM2.5 concentrations. The red color represents high
PM2.5 concentrations, and the green color represents low PM2.5 concentrations. (a) Spring: March, April,
and May (b) Summer: June, July, and August (c) Autumn: September, October, and November (d) Winter:
December, January, and February.
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Figure 5

Residential exposure level to PM2.5; blue, green and orange represent Jiangsu Province, Zhejiang
Province and Shanghai Municipality, respectively. (a) Daily exposure level to PM2.5 during the study
period. The black dashed line represents the PM2.5 concentration of 75 μg/m3 (CNAAQS daily level-2
standard), and the red dashed line represents PM2.5 concentration of 35 μg/m3 (CNAAQS daily level-1
standard). (b)(c)(d) show the percentage of the population exposed to PM2.5 higher than the annual
mean levels in 2016, 2017, and 2018, respectively. The dashed lines represent the annual PM2.5
concentrations of the WHO IT-1 standard as well as the CNAAQS standard (35 μg/m3).
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