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Abstract: Air pollution is becoming increasingly serious with rapid economic development in China,
and the primary pollutant has converted from PM10 to PM2.5, which is associated with more adverse
impacts on human health. Satellite remote sensing, with help of its quantitative observations over
large spatial and temporal extent, has become a significant supplement to the in situ measurements.
This study exploits the aerosol optical depth (AOD) product retrieved from the Medium Resolution
Spectrum Imager (MERSI) onboard Fengyun-3C satellite to estimate PM2.5 estimation over the major
urban areas of Chongqing, a metropolitan city in the Southwestern China. A semi-empirical model
and the linear mixed effect (LME) model are combined based on in situ observations from local air
quality and meteorological networks from May 2014 to May 2015. This combined model is able to
explain about 90% of the variation of the estimated PM2.5, and performs better than LME model by
achieving higher correlation and smaller deviations between the satellites estimated PM2.5 and in
situ measurements. Benefiting from the high resolution of 1 km × 1 km, MERSI AOD achieves much
more detailed spatial distribution of ground-level PM2.5 over the major urban areas of Chongqing,
compared to most of concurrent satellite products, such as the MODIS L2 AOD. According to
the estimation, PM2.5 concentration is higher in cold seasons than in warm seasons in Chongqing.
Peak levels of PM2.5 is found in Yuzhong District, the center of Chongqing urban area, while the
concentration gradually decreases in surrounding areas, indicating that air pollution in Chongqing is
highly contributed by local anthropogenic emissions.
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1. Introduction

Epidemiologic studies have indicated a strong connection between the concentration of PM2.5

(particulate matter of which the aerodynamic diameter is smaller than 2.5 µm) and public respiratory
and cardiovascular diseases [1–3]. Accurately and completely monitoring of PM2.5 has become one of
the foundations of regional air pollution management. Despite the fast growth of surface air quality
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networks, relatively sparse and uneven distribution of the monitoring sites make it difficult to provide
a continuous spatial coverage of PM2.5 at regional scale. Former studies have illustrated that satellite
can depict the spatial variability of PM2.5 and trace its transport [4,5]. Several methods are widely used
to estimate PM2.5 from satellite-derived AOD, including proportional factor models, semi-empirical
formula models, and statistical models. The proportional factor models predict PM2.5 by directly
applying the PM2.5 to AOD ratio simulated by atmospheric models. Donkelaar et al. used this method
to estimate global PM2.5 from 1998 to 2012, and found the R value was 0.81 outside North America
and Europe [6]. However, the method involves atmospheric chemistry model, which relies heavily
on detailed emissions inventory, and the model development needs high cost [7,8]. The relationship
between AOD and PM2.5 depend on several factors, e.g., microphysical and optical properties of
particles, ambient humility, and aerosol vertical profile. Chu et al. used haze layer height and
relative humidity to estimate PM2.5 in Taiwan by using four-year (2006–2009) data, and the correlation
coefficient R2 was about 0.66 [9]. Zhang et al. developed the semi-empirical formula model with
fine particle extinction and its volume, and thus established a multi-parameter remote sensing
formula of dry PM2.5 mass concentration with the R2 around 0.25 over the north China plain [10].
Therefore, the semi-empirical formula models mainly rely on the complex physical mechanism and
some parameters are difficult to obtain. The statistical models, most of which are regression model,
currently are the most widely used in satellite estimation of PM2.5. Wang et al. explored the linear
relationship between AOD and PM2.5 in Jefferson country with correlation coefficient around 0.7 [11].
Hoff et al. found that it was non-linearly related between AOD and PM2.5 due to the vertical profile
and humidity in high concentration region [12].

Recently, many advanced statistical models have been developed and widely applied to estimate
PM2.5 by comprehensively considering the temporal-spatial variations of AOD-PM2.5 relationships.
Lee et al. used the Linear Mixed Effect model (LME) to estimate PM2.5 in the New England region
using MODIS AOD in 2003, with AOD as the only input. Results indicated that the R2 was 0.92 [13].
Many researchers found that meteorological parameters e.g., temperature, relative humidity, and wind
influence the size, composition, and mixing of particles, which were added into the model improved
the accuracy of PM2.5 estimation. Hu et al. developed the Geographically Weighted Regression model
(GWR) to estimate PM2.5 in North American with MODIS AOD, meteorological parameters, and land
use information. Results indicated that GWR model combined with the predictor variables had a strong
predictive power for the PM2.5, so the model was widely used [14]. Liu et al. used the Generalized
Linear regression Model (GLM) and Generalized Addition and Model (GAM) to build the relationship
between PM2.5 and AOD, respectively. They found that several factors influenced the association
between AOD and PM2.5, including the boundary layer height, relative humidity, season, geographical
region, monitoring site location, and distance from coast, but the model estimations were unbiased
estimation of observations when PM2.5 concentrations were more than 40 µg/m3 [15,16]. Hu et al.
combined LME and GWR models by integrating the meteorological parameters and land use to derive
daily-mean PM2.5 concentration in the eastern United States with R2 of 0.69 [17]. Many researchers
have estimated PM2.5 in different regions by different models [17–21].

The Fengyun-3 (FY-3) series are the currently operational polar-orbital meteorological satellites
in China; of these, FY-3C is the most recently launched one. The FY3C passes over the equator
between 10:00 a.m. and 10:20 a.m. (local time). MERSI, as one of the primary payloads onboard FY-3C,
has 20 spectral bands ranging from visible to thermal infrared, and it can provide seamless daily global
coverage with spatial resolutions of 250 m and 1 km, similar with the Moderate Resolution Imaging
Spectroradiometer (MODIS) onboard Terra and Aqua satellites [21]. National Meteorological Satellite
Center (NMSC) derived 1 km AOD by using MERSI data (http://satellite.nsmc.org.cn), and many
researchers conducted the verification of MERSI AOD by AERONET observations. Deng et al.
used FY-3A/MERSI AOD to analyze aerosol distribution in Guangdong from 2010–2013, where the
correlation coefficient between the AODs of MERSI and AERONET (Aerosol Robotic NETwork) is

http://satellite.nsmc.org.cn
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0.72 [22]. Good consistence of spatial patterns was found between the AOD from MERSI and from
MODIS in China [23–25], indicating potentials of MERSI AOD in inferring regional PM2.5 distribution.

Chongqing is one of the four MDCG (municipality directly under the central government) in
China, and located in the east part of Sichuan Basin. The unique topographical and meteorological
conditions favor the accumulation of atmospheric pollutants, exerting adverse impact on local air
quality, particularly over the urban area. According to Ministry of Environment Protection (MEP) in
China, Chongqing’s air quality exceeded the national standard from 2014 to 2016, and was one of the
most polluted cities in China. This study utilizes MERSI AOD to depict the air quality over the major
urban area of Chongqing, which is supposed to provide continuous PM2.5 distribution at a resolution
of 1 km. We developed a method of combining the semi-empirical formula model and the LME model.
The description of data and methodology are given in Section 2, and the main results and discussion
will be found in Section 3. Section 4 presents the conclusions of this paper.

2. Data and Methodology

2.1. Study Area

As shown in Figure 1, the study area is the major urban areas of Chongqing (including
nine districts, namely Beibei, Yubei, Jiangbei, Shapingba, Yuzhong, Nan’an, Jiulongpo, Dadukou,
and Banan), and locates in the southwest of China and the upper reaches of Yangtze River. It covers an
area of 5473 km2 and holds a large population of about 8.35 million. The entire urban area is developed
on a terrain of hill land, and is mainly surrounded by Liangshan and Zhenwu mountains. Low wind
speed and high humidity are prevalent in this region, which further decreases the diffusion of local
air pollutants.
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2.2. Data

2.2.1. Satellite-Retrieved AOD Data

FY-3C was launched on 23 September 2013, which is the third of the second-generation
polar-orbital meteorological satellite. As one of the most widely used sensors onboard FY-3C,
MERSI contains 20 spectral bands covering the spectrum from 0.42 µm to 12.5 µm, of which five
have a resolution of 250 m, and the others are 1 km at nadir. MERSI is designed to research
cloud, aerosol, ecology, and surface classification, and the operational product of 1 km AOD over
land based on the Dark Target algorithm and was released by NMSC [26]. The study obtains
MERSI 1 km AOD products from May 2014 to May 2015, which were selected by using the cloud
detection products of the FY3C/VIRR (Visible and InfraRed Radiometer) to eliminate obstructions
caused by clouds. Besides, to completely ensure the data quality, AOD values greater than
2.0 were assumed as being contaminated by clouds and therefore were discarded [27]. We obtained
ground-measured data from automatic sun tracking spectrophotometer CE-318 (CE-318) located
in Chengdu (103.98◦ E, 30.59◦ N) from May 2014 to May 2015. The averages of FY3C/AOD data
around monitor station were applied with a search radius of 3 km for the matching with CE-318
measurements in cloudless days. Because the matching was conducted during the satellite overpass
time, thereby 19 couples of data were obtained, shown in Figure 2. The correlation coefficient is 0.77,
and the RMSE and Bias are 0.27 and −0.03, indicating the FY3C/AOD is reliable.
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2.2.2. In Situ PM2.5

The ground-level PM2.5 data over the study area from May 2014 to May 2015 was obtained
from Chongqing Environmental Protection Bureau (http://data.cma.cn/). There are 17 air
quality-monitoring sites in total, of which the locations are marked in Figure 1. There are Xinshancun
(JYS), Tangjiatuo (TJT), Gaojiahuayuan (GJHY), Huxi (HX), Yangjiaping (YJP), Baishiyi (BSY), Nanping
(NP), Chayuan (CY), Tiansheng (TS), Jinyunshan (JYS), Caijia (CJ), Lianglu (LL), Konggang (KG),
Yuxinjie (YXJ), Nanquan (NQ), Lijia (LJ), Jiefangbei (JFB). PM2.5 concentration is measured by
the Tapered Element Oscillating Microbalance (TEMO) approach or Beta-attenuation approach,
both of which comply with the National Standard for Environmental Air Quality (GB3095-2012) [28].
High ambient humidity right after precipitation usually brings about extremely small or even negative
PM2.5 concentrations, thus the data obtained with 1 h after the precipitation would not be used for

http://data.cma.cn/
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modeling. The performance of a statistical model linking satellite AOD to ground-level PM2.5 can be
influenced by the temporal resolution of input data [29]. Therefore, the average PM2.5 of one hour
before and after the satellite overpass time is calculated as the input to the further analysis.

2.2.3. Meteorological Data

Meteorological data are found to be helpful for improving modeling performance [16,30–32].
For example, surface pressure (PS) can influence atmospheric stability and vertical dispersion of air
pollution, wind speed (WS) can affect the horizontal transport of air pollutants, relative humidity
(RH) and temperature (TMP) mainly relate to particle compositions. Therefore, four meteorological
parameters, including RH, TMP, PS, and WS, were collected at five meteorological stations that they
locate in Beibei, Jiangbei, Chongqing, Baxian, and Bishan, respectively. Yellow asterisks represent
meteorology stations’ geographic position in Figure 1. All meteorology data were retrieved from
the China Meteorological Data Sharing Service System (CMDSSS on http://data.cma.cn/), and the
temporal resolution is 1 h. In order to achieve a precise matching, the averaged meteorological data
temporally near the satellite overpass time (less than one hour) were calculated. The number of
meteorological monitors did not match the number of PM2.5 stations, thereby we used the Co-kriging
interpolation method to interpolate meteorological data, and the elevation was used as the covariate in
interpolation process [33–35]. Additionally, the interpolation result was resampled with finer spatial
resolutions of 1 km × 1 km and 10 km × 10 km to be consistent with the spatial resolutions of FY3C
and MODIS, respectively. We marked 1 km buffer around each meteorological station. If the PM2.5

station was within the buffer zone, the meteorological station information was used, otherwise the
interpolation result was used. Because it is difficult to obtain real-time boundary layer height (PBL),
the seasonal averaged boundary layer height over the study area were employed, namely 1076 m for
spring, 1880 m for summer, 1358 m for autumn and 1061 m for winter, respectively [36].

2.2.4. Auxiliary Data

Chongqing is located on a hill land terrain. The surface types, the elevation, and population
density might also affect the AOD-PM2.5 correlation [27]. For example, there are mainly sulfates and
nitrates in urban areas because of the factories and vehicles. In rural areas, it is mainly nitrate and
organic carbon from biomass burning. Sulfate particles generally have higher light extinction efficiency
than carbonaceous particle especially under high relative humidity conditions [37]. The population
density is related to emissions, and the increase population density lead to carbon emission to show a
downward trend and then an upward trend. The composition was influenced the PM2.5 and lead the
Aerosol scattering difference [38]. The elevation has influenced meteorological factors, while different
meteorological factors are related to the PM2.5-AOD correlation. The elevation data of the study area
were obtained from Shuttle Radar Topographic Mission (SRTM on http://srtm.csi.cgiar.org/), of which
the spatial resolution is about 90 m. GlobCover, a 300 m land cover product provided by European
Space Agency (ESA), was collected for the year of 2015 (http://due.esrin.esa.int/). Population density
at 1-km resolution for 2010 was downloaded from the Data Center for Resource and Environmental
Sciences, Chinese Academy of Sciences (http://www.resdc.cn). Since the original projections and
spatial resolutions of the datasets varied largely, all the datasets were re-projected to the WGS-84
coordinate system and were resampled to 1 km × 1 km by ARCGIS. The nearest neighbor method was
used in the resampling process (shown in Figures 1, 3 and 4, respectively), to be directly matched to
MERSI AOD.

http://data.cma.cn/
http://srtm.csi.cgiar.org/
http://due.esrin.esa.int/
http://www.resdc.cn
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2.3. The Combined Mixed Effect Model

2.3.1. Model Description

The AOD-PM2.5 correlation is not only determined by the aerosol composition, vertical profile
and meteorological factors [29], but also varies fast over time. As an extension of the general linear
models, LME model accounts for both of the fixed effects and the random effects, which enables
LME to better explain the temporal relationship between AOD and PM2.5 [13]. By considering the
parameters discussed in this study, the initial LME model is developed as Equation (1) termed as
Model I:

PM2.5,st = (α+ω) + (β1 + u1)× AODst + (β2 + u2)× TMPst + (β3 + u3)× RHst

+ (β4 + u4)× WSst + (β5 + u5)× PSst + β6 × ELEVs + β7 × Pops

+ εst

(1)

where PM2.5,st is the dependent variable, and AODst, TMPst, RHst, WSst, and PSst are the independent
variables for the grid s on day t, respectively. ELEVs is elevation values (m) at site s; Pops is population
density (ten thousand/km2) at site s. α, ω, β and u are fitting coefficients, and εst stands for the
residual error. Descriptions of all the model input and fitting coefficients are recorded in Table 1.

Tian et al. proposed a semi-empirical model to characterize the non-linearity relationship between
AOD and PM2.5 [39]. AOD and WS approximately exhibit as power functions of PM2.5, while TMP
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and RH usually show an exponential relationship with PM2.5 [29]. Therefore, a semi-empirical model
considering these non-linear impacts is integrated into Equation (1), forming a new combined model
as Equation (2).

PM2.5 = e(α+ω)+(β2+u2)×TMP+(β3+u3)×RH+(β4+u4)×PS × AOD(β1+u1) × (WS)β5+β5 (2)

Both sides of Equation (2) are then log-transformed to achieve a linear regression form, shown as
Equation (3), so as to promote parameterization and to reduce the skewness of data distribution [29,39]:

ln(PM2.5) = (α+ω) + (β1 + u1)× ln(AOD) + (β2 + u2)× TMP + (β3 + u3)× RH
+(β4 + u4)× PS + (β5 + u5)× ln(WS)

(3)

Song et al. employed a general linear model and a semi-empirical model to compare the
relationship between AOD and PM2.5 in the Pearl River delta region using MODIS AOD products,
and the results showed that the semi-empirical model was better than the empirical model [18].
Therefore, the paper proposes that the semi-empirical model is integrated into the line mixed effect
model based on the study by Song, which expresses the continuous change over time between AOD
and PM2.5, in order to improve the accuracy of regression model. The Mode II can be expressed as
Equation (4):

ln(PM2.5,st) = (α+ω) + (β1 + u1)× ln(AODst) + (β2 + u2)× TMPst + (β3 + u3)

×RHst + (β4 + u4)× PS + (β4 + u4)× ln(WSst) + β5 × ELEVs + β6

×Pops + εst

(4)

Parameters are listed Table 1.

Table 1. Definitions of independent variables used in Equations (1)–(4).

Variable Unit Description

AOD Unit less FY-3C MERSI AOD
TMP ◦C Temperature
WS m/s Wind Speed
RH % Relative humidity
PS hPa Surface pressure

ELEV m Elevation
Pop Ten thousand/km2 Population density
α Unit less Fixed effects intercept
ω Unit less Random effects intercept

β1–β5 Unit less Fixed effects slope
u1–u5 Unit less Random effects slope

ε Unit less Random errors

2.3.2. Model Validation

A 10-fold cross-validation (CV) method was used to test the model’s performance in order to
avoid the over-fitting. Theory of CV is that the entire model-fitting dataset is randomly split into
10 subsets, and the number of each subset is approximately 10% of the total data records. In each
round of cross validation, 10% of the data is select as testing samples and the remaining nine subsets
are used to fit the model. The process is repeated 10 times in turn, and each predicted value is recorded.
The average of all the ten times is the result of CV. To evaluate the performance of the fitting model,
the Root Mean Squared Error (RMSE), Mean Prediction Error (MPE) and R2 are computed for observed
and estimated PM2.5 concentration.
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3. Results and Discussion

3.1. Statistical Analysis

The histogram of the probability density distribution and the summary statistics of all the model
variables are presented in Figure 5. According to the matched data sample, the mean and maximum
values for MERSI AOD and PM2.5 are 0.68 and 0.93, and 50 µg/m3 and 282 µg/m3, respectively.
The similarity of the histogram distribution between PM2.5 and AOD indicates high relevance between
them. The surface pressure is relatively low, which might be explained as follows: (1) the surface
pressure is lower in summer than winter, and most data used in this study is in summer; (2) The average
elevation is relatively higher in Chongqing. The major urban areas of Chongqing have relatively humid
and stagnant ambient air, with the mean RH and WS of 51.24% and 1.46 m/s, respectively.
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3.2. Model Fitting and Validation

Figure 6 exhibits the results of the cross validation (CV) of Model I and Model II. The fitting and
validation performance results are given in Table 2. Model II (Figure 6b) performs better than Model
I (Figure 6a) with a slightly higher R2 and lower RMSE and MPE, which demonstrates an overall
improvement in the estimation of PM2.5 from AOD by integrating the semi-empirical model in to
LME. Due to limited data available during winter, all the data samples in this study are divided into
a warm season (from April to September) and a cold season (from October to March), no matter the
observations were obtained in continuous monthly sequence or not. Model II is applied to both of the
seasons of data, and the fitting results are shown in Figure 6c,d. Based on comparing the correlation
level, Model II performed relatively better in the cold season than in the warm season, while the RMSE
and MPE are higher in the cold season. One of the possible reason is that, more precipitation and
more humid air in the warm season favor the hygroscopic growth of particles, which might lead to the
distribution of aerosol particle size and the change of composition [40]. This might bring additional
uncertainties into the AOD-PM2.5 relationship. There is high PM2.5 concentration in cold seasons,
which leads to high RMSE and MPE. Compared to the relevant model fitting, the CV results can have
slightly lower correlation R2 and higher RMSE, indicating that over-fittings existed in both Model I



Atmosphere 2018, 9, 3 9 of 14

and Model II. The reason of this result can be that the Linear Mixed Effects model is similar to the black
box model [41]. It cannot completely make clarify the relation of PM2.5 to AOD and meteorological
factors, which leads to the over-fitting in the Model I and Model II.
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Figure 6. Scatter plot of cross-validated values in Model I and Model II. (a) is Model I CV result to
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Table 2. Describing statistical model fitting and CV results (Sit number = 17).

Name Parameters Model I
(All Data)

Model II
(All Data)

Model II
(Warm)

Model II
(Cold)

Fitting

N 1106 1106 838 268
R2 0.89 0.90 0.81 0.92

RMSE (µg/m3) 12.27 11.41 9.17 13.51
MPE (µg/m3) 7.85 7.62 6.37 10.43

CV
R2 0.85 0.87 0.79 0.88

RMSE (µg/m3) 13.72 12.09 9.73 15.86
RMSE (µg/m3) 9.17 8.92 7.48 13.51

Figure 7 presents the comparison between the satellite estimated and the in situ mean PM2.5

concentrations during the whole study period over each air quality site, which indicates that the
combined model in this study performs homogenously well over the urban area in Chongqing.
In general, JFB, GJHY and BSY, all of which are located in the most commercial and populated part
of the urban area, have relatively high level of PM2.5. Among all these sites, the lowest annual mean
PM2.5 of 38.6 µg/m3 was found in JYS, which is far from the major urban areas of Chongqing and
located in a national protected natural area.
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3.3. Spatial Distribution of Estimated PM2.5 

Figure 8a–c respectively present the spatial distribution of mean PM2.5 in the cold seasons, the 
warm seasons, and the whole study period, all of which were estimated from MERSI AOD using 
Model II. Overall, similar spatial patterns are found in these three periods. High PM2.5 values mostly 
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population, have the lowest PM2.5 level. The spatial distribution of PM2.5 indicates that the local 
anthropogenic emissions contribute to most of air pollution. The main sources of PM2.5 in these region 
are vehicles exhaust and secondary particles such as sulfates and nitrates [42]. In general, regional 
PM2.5 is higher in the cold seasons than the warm seasons, particularly in Yubei and Banan, which is 
consistent with the previous research [22]. It should be noted that, as shown in Figure 8a–c, PM2.5 
concentration over waters was somehow overestimated, and this bias may be mostly associated to 
more humid air, which probably causes abnormally high retrievals of MERSI AOD. 
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2 MODIS AOD product matching to the data samples of this study is employed to estimate PM2.5 
using Model II. We calculated the annual average PM2.5 concentration by using MODIS products, and 
the data were resampled to 1 km × 1 km in order to compare with MERSI, which is presented in 
Figure 8d. It exhibits overall spatial consistence with the estimated PM2.5 by MERSI. Compared to 
MODIS, the finer resolution of MERSI provides much more detailed information of PM2.5 
distribution, especially over the densely populated areas. This is very helpful to evaluate PM2.5’s 
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3.3. Spatial Distribution of Estimated PM2.5

Figure 8a–c respectively present the spatial distribution of mean PM2.5 in the cold seasons,
the warm seasons, and the whole study period, all of which were estimated from MERSI AOD using
Model II. Overall, similar spatial patterns are found in these three periods. High PM2.5 values mostly
concentrated over Yuzhong, the most urbanized and populated part of the study area, while Banan and
the southeastern part of Yubei, which are mainly covered by vegetation and have much less population,
have the lowest PM2.5 level. The spatial distribution of PM2.5 indicates that the local anthropogenic
emissions contribute to most of air pollution. The main sources of PM2.5 in these region are vehicles
exhaust and secondary particles such as sulfates and nitrates [42]. In general, regional PM2.5 is higher
in the cold seasons than the warm seasons, particularly in Yubei and Banan, which is consistent with
the previous research [22]. It should be noted that, as shown in Figure 8a–c, PM2.5 concentration
over waters was somehow overestimated, and this bias may be mostly associated to more humid air,
which probably causes abnormally high retrievals of MERSI AOD.

To demonstrate the advantage of estimating PM2.5 using MERSI AOD, the 10 km × 10 km Level
2 MODIS AOD product matching to the data samples of this study is employed to estimate PM2.5

using Model II. We calculated the annual average PM2.5 concentration by using MODIS products,
and the data were resampled to 1 km × 1 km in order to compare with MERSI, which is presented in
Figure 8d. It exhibits overall spatial consistence with the estimated PM2.5 by MERSI. Compared to
MODIS, the finer resolution of MERSI provides much more detailed information of PM2.5 distribution,
especially over the densely populated areas. This is very helpful to evaluate PM2.5’s impact on public
health at urban scale, and can also improve the effect of local emission control. Since estimation
are based on the same model, the differences between MERSI PM2.5 and MODIS PM2.5 are basically
caused by the difference in their AOD, which can be attributed to spatial resolution, overpass time and
channel spectrum.

In Figure 9, the upper subplots show the true-color images, and we selected no-cloud days from
four seasons, namely 30 July 2014 for summer, 10 September 2014 for fall, 12 February 2015 for winter,
and 28 April 2015 for spring, respectively, which could be observed from true-color and FY3C/VIRR
cloud products that was not depicted in the paper. The lower subplots were the calculated PM2.5

concentration using Model II. These data indicate that the FY3C/MERSI could be used to retrieve high
resolution PM2.5 in no-cloud conditions. According to the in situ measurements at the ground sites,
the area-averaged PM2.5 concentrations of the four days are 28.07 µg/m3, 65.09 µg/m3, 112.41 µg/m3,
and 97.64 µg/m3, respectively. Instead, the continuous distribution of PM2.5 estimated by MERSI
provides detailed spatial pattern of regional air quality, which might not be clearly described by sparse
ground-level observations.
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4. Conclusions

In this study, the 1 km AOD retrieved by MERSI onboard FY-3C satellite was employed to
estimate the ground-level PM2.5 over the main urban area in Chongqing, one of the significant
metropolitan city in China. To better account for the complex atmospheric and topographical
conditions in Chongqing, an advanced statistical model is developed to convert MERSI AOD into
PM2.5 concentration, which comprehensively considers the impact of several meteorological and
environmental parameters. This model is achieved by integrating a semi-empirical model into a mixed
effect model, and performs better than a single LME model in predicting PM2.5 during the whole study
period. In addition, the data samples of this study were divided into the cold seasons and the warm
seasons. Satellite estimates show higher PM2.5 levels in the cold seasons than in the warm seasons
over most of the study area, which agree with the result of local in situ observations.

A clear spatial pattern of ground-level PM2.5 in the major urban areas of Chongqing is depicted by
MERSI observations. High PM2.5 levels mainly occur in Yuzhong, the most urbanized and populated
district of the city and much lower PM2.5 is found in vegetated suburban areas, such as Banan and
Yubei. This indicates that the air pollution in the major urban areas of Chongqing is mainly contributed
by local emissions. Furthermore, the 10 km Level MODIS AOD was used to estimate PM2.5 and
compared with MERSI estimation, which clearly demonstrates the advantages of high resolution
MERSI observations in characterizing detailed spatial distribution of local air pollution.

Though promising PM2.5 estimation has been achieved in this study, our combined statistical
model still needs to be improved. Daily or even hourly PBL retrieved by LIDAR or simulated by
numerical models will help to better account for the influence of aerosol vertical distribution. We will
extend the numbers of years of study to account for meteorological variability from year to year when
the satellite can detect more data.
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