
 

 

 
Copyright Undertaking 

 

This thesis is protected by copyright, with all rights reserved.  

By reading and using the thesis, the reader understands and agrees to the following terms: 

1. The reader will abide by the rules and legal ordinances governing copyright regarding the 
use of the thesis. 

2. The reader will use the thesis for the purpose of research or private study only and not for 
distribution or further reproduction or any other purpose. 

3. The reader agrees to indemnify and hold the University harmless from and against any loss, 
damage, cost, liability or expenses arising from copyright infringement or unauthorized 
usage. 

 

 

IMPORTANT 

If you have reasons to believe that any materials in this thesis are deemed not suitable to be 
distributed in this form, or a copyright owner having difficulty with the material being included in 
our database, please contact lbsys@polyu.edu.hk providing details.  The Library will look into 
your claim and consider taking remedial action upon receipt of the written requests. 

 

 

 

 

 

Pao Yue-kong Library, The Hong Kong Polytechnic University, Hung Hom, Kowloon, Hong Kong 

http://www.lib.polyu.edu.hk 



 

 

LONG TERM RESEARCH OF AEROSOL OPTICAL 

THICKNESS DERIVED FROM VISIBILITY DATA IN 

CHINA AND A CASE STUDY OF THE IMPACT OF 

URBANIZATION 

ZHANG ZHAOYANG 

Ph.D 

The Hong Kong Polytechnic University 

 

 

2017 

 



 

The Hong Kong Polytechnic University 

Department of Land Surveying and Geo-Informatics 

 

 

LONG TERM RESEARCH OF AEROSOL OPTICAL 

THICKNESS DERIVED FROM VISIBILITY DATA IN 

CHINA AND A CASE STUDY OF THE IMPACT OF 

URBANIZATION 

 

Zhang Zhaoyang 

A thesis submitted in partial fulfillment of the requirements 

for the degree of Doctor of Philosophy 

 

September 2016 

 

  



3 

CERTIFICATION OF ORIGINALITY 

I hereby declare that this is my own work and that, to the best of my knowledge 

and belief, it reproduces no material previously published or written nor material 

which has been accepted for the award of any other degree or diploma, except 

where due acknowledgement has been made in the text. 

_____________________ (Signed) 

Zhang Zhaoyang (Name of Student)



Abstract 

1 

 

ABSTRACT 

 Analysis of variations in Aerosol Optical Thickness (AOT) is essential for 

understanding of climate change and the Earth's radiation budget. However, long-

term AOT data exceeding 40 years have not been well modeled and developed. In 

this study, surface visibility data were used to investigate long-term AOT trends 

over the last 40 years in China. Although visibility is a widely-used indicator to 

quantify aerosol loadings, there is still lack of comprehensive studies analyzing 

the representativeness of visibility in deriving AOT. The Singular Value 

Decomposition (SVD) analysis of ground-based visibility, MODerate-resolution 

Imaging Spectroradiometer (MODIS) and Multi-angle Imaging 

SpectroRadiometer (MISR) monthly AOT products between July 2002 and 

December 2014 indicated that the satellite retrieved AOTs agreed well with 

ground-based visibility in terms of inter-annual variability. However, large 

differences in seasonal variability between visibility and AOT were observed due 

to the seasonal variation of aerosol vertical distribution. These results suggested 

that visibility observations may only be used to depict inter-annual AOT, and more 

ancillary information should be used for retrieving seasonal AOT variability. 

According to these results, the simplified and KM-Elterman algorithms were 

proposed and developed to derive AOT using surface visibility data which can help 

address aerosol climatic issues. 

This simplified method was developed to derive AOT using surface visibility 

data and the seasonal aerosol extinction profile. Due to the limitation of the aerosol 

extinction profile, an improved method, the KM-Elterman algorithm, was also 

developed to retrieve AOT from surface visibility and other meteorological factors. 

Results from the two newly developed algorithms showed high correlations with 

annual MODIS observations (r > 0.82 for simplified method, r > 0.94 for KM-

Elterman method). These methods outperformed other previous algorithms (e.g. 
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Qiu, Elterman and M-Elterman methods), and can further be used to analyze the 

aerosol climatology in China. 

Five interpolation methods were evaluated for visibility-based AOT 

interpolation over China, including the Inverse Distance Weighted (IDW) 

interpolation, Biharmonic Spline (BS) interpolation, Data Interpolating Empirical 

Orthogonal Functions (DINEOF) interpolation, spatial boundary method, and the 

Data Interpolating Variational Analysis (DIVA) interpolation. The DINEOF 

interpolation method outperformed all, and the second and third best interpolation 

methods were DIVA interpolation and BS interpolation respectively. The aerosol 

climatology derived in this study can be used to detect long-term effects of climate 

change, especially to analyze the impact of aerosols on observations of solar 

radiation fluxes at the Earth’s surface. In order to analyze variations in surface 

aerosols caused by urbanization, the Weather Research and Forecasting-Chemistry 

(WRF-Chem) model was used. The United States Geological Survey (USGS) and 

MODIS land-use data were used to represent the spatial distribution of land-use 

data in 1992 and 2004. It was shown that the overall effects of urbanization on 

PM2.5 concentrations in urban regions were negative due to increase in the 

Planetary Boundary Layer Height (PBLH).  
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CHAPTER 1.  

INTRODUCTION 

1.1 Aerosol and its climate effects 

The term “aerosol” encompasses a wide range of particles having different 

compositions, sizes, shapes, and optical properties in air (Hinds, 1999; Collaud 

Coen et al., 2013). Atmospheric aerosols cover primary aerosols and secondary 

aerosol particles. Primary aerosols are directly released by anthropogenic or by the 

natural release of particles at the surface, such as biological emissions, biomass 

burning, evaporation of sea spray, and dust region. Volcanic eruption is also an 

important emission source of atmospheric (Ge et al., 2016). Secondary aerosols 

are usually generated by photochemical processes. Although the secondary aerosol 

is only about 10% to 20% of the global atmospheric aerosol mass (Textor et al., 

2006), the proportion of the secondary aerosol increased after the Industrial 

Revolution, especially over China and India. The rapid economic development has 

resulted in heavy atmospheric aerosol loadings in China and severe aerosol 

pollution has been observed frequently (Bian et al., 2007; Che et al., 2008; Han et 

al., 2009; Zhang et al., 2009). 

The role of aerosols in the troposphere can be classified into three classes: 

direct effect, indirect effect, and a medium for the chemical reaction. For the direct 

effect, the influence of primary aerosol forcing is to scatter solar radiation back to 

space, increasing the effective planetary albedo (Ensor et al., 1971) and causing a 

cooling of the surface. In fact, it has been hypothesized that current global warming 

trends are being masked by dense and persistent regional aerosol layers 

(Ramanathan and Feng, 2009). However, the varying infrared and solar absorbing 

properties attributable to aerosol particles of different origins (e.g., urban industrial 
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sulfates, smoke from biomass burning, Aeolian mineral dust, sea salts) can also 

simultaneously perturb the static stability of the lower troposphere where they are 

most prominently observed (Cook and Highwood, 2004). This leads to semi-direct 

forcing effects that impact circulatory features on many spatial scales (Sakaeda et 

al., 2011; Wilcox, 2012). If unaccounted for the semi-direct effects, our correct 

science is significantly limited to both reconcile climate mechanics and replicate 

them with chemical transport models (Lindeman et al., 2011). Aerosols also 

influence atmospheric radiative balance (Malm et al., 1994; Kim et al., 2006), and 

represent one of the largest uncertainties in climate study (Figure 1.1) (Field et al., 

2014). Several field campaigns, such as the INDian Ocean EXperiment (INDOEX), 

Aerosol Characterization Experiment (ACE), have been conducted to estimate the 

direct effects of aerosols on the regional climate change (Gong et al., 2003; Kato 

et al., 2011).  
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Figure 1.1 Radiative forcing of climate between 1750 and 2011 (cited from 

Stocker et al. (2013)). 

The indirect effects of aerosols on climate refer to their modifications in cloud 

properties, and these effects are not fully understood. The first indirect effect is 

that high aerosol concentrations lead to an increase of cloud droplet number 

concentration. Higher cloud droplet number concentration leads to smaller cloud 

effective radii and consequently enhanced cloud albedo under constant cloud 

liquid water paths (Twomey, 1974). The second aerosol indirect effect is that the 

smaller droplets are expected to delay precipitation formation, to increase the 

cloud lifetime and cloud cover (Albrecht, 1989).  

 

Figure 1.2 Aerosol-cloud intersections (cited from Boucher et al. (2013)). 

1.2 The need of long-term Aerosol Optical Thickness (AOT) data 

Aerosol Optical Thickness (AOT) is the column-integrated measurement of 

one-way atmospheric aerosol transmission. As such, it is a fundamental aerosol 

optical property derived from ground-based sun photometers and passive 

radiometric space-borne satellite sensors. Whereas active remote sensors render 

range-resolved information on aerosol optical properties (Winker et al., 2009), 

passive radiometric remote sensors are presently the primary source of global 

aerosol optical property measurements, given their relative simplicity, reasonable 
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deployment costs and propensity for broad field-of-view measurements that can, 

in some instances, provide global coverage from satellite platforms daily (Liberti 

and Chéruy, 2002; Remer et al., 2005). Within this context, AOT represents a direct 

proxy for monitoring the spatial distribution and the trajectory of aerosol particles 

(Li et al., 2009b). The study of long-term AOT trends, therefore, represents an 

opportunity, if not an essential element to any practical strategy, to understand the 

mechanistic influence that aerosols impart on climate and the planetary radiation 

budget. 

Ground-based sun photometers and other instruments provide sufficiently 

good temporal resolution and accurate measurements (Holben et al., 1998). Yoon 

et al. (2012) estimated the trend of total AOT and coarse- and fine-mode dominant 

AOTs between 1993 and 2013 using AErosol RObotic NETwork (AERONET) 

Level 2.0 spectral observations (Holben et al., 1998) and the result indicated that 

increasing and decreasing AOT trends over desert region were highly controlled 

by meteorological conditions. Collaud Coen et al. (2013) analyzed the long-term 

trends of aerosol optical properties, such as absorption, scattering, backscatter 

fraction, and angstrom exponent, at GAW (Global Atmosphere Watch) and 

IMPROVE (Interagency Monitoring of Protected Visual Environments) surface 

stations, and no significant trends were found for the three continental European 

sites during 2001-2010. Asmi et al. (2013) also studied the trends of aerosol 

particle number concentrations at GAW and IMPROVE stations. The results 

showed that the trend of aerosol particle number concentrations decreased at most 

stations. However, the number of surface observation stations in these studies is 

limited, especially related to ocean aerosol measurements. Small spatial coverage 

of ground-based observations, as well as different observation periods at each 

station cause the significant difficulty of investigating the global aerosol changes 

over a period of time (Hsu et al., 2012; Mao et al., 2014). 
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Recent studies have demonstrated promising results in depicting AOT trends 

present in extended passive radiometric satellite data (Xia et al., 2008; Li et al., 

2014c). There exists a relatively diverse number of such datasets having been 

compiled over the last twenty-five years, leading to a basic composite 

understanding of global and regional inter-annual AOT variation during that period. 

Mishchenko et al. (2007) discussed recent downward trends in tropospheric AOT 

contributed to upward trends in surface solar fluxes over oceans from August 1981 

to June 2005, using Advanced Very High Resolution Radiometer (AVHRR) 

datasets. Zhang and Reid (2010) analyzed regional trends using a ten-year Level 3 

dataset derived from MODerate resolution Infrared SpectroRadiometer (MODIS) 

AOT retrieval products. Investigating a thirteen-year Sea-Viewing Wide Field-of-

View Sensor (SeaWiFS) dataset using linear regression, Hsu et al. (2012) reported 

downward trends in the eastern United States and Europe, and increasing AOT 

trends over China and India. (Mao et al., 2014) analyzed AOT variation between 

land and ocean from 2003 to 2012 using MODIS products. Most recently, Zhang 

et al. (2016b) applied a nonlinear statistical model to assess global AOT trends. 

The nonlinear method isolates variation globally that cannot be resolved with 

simple linear regression methods alone. However, most satellites and ground-

based sensors observed the AOT after year 2000. The lack of long-term data for 

AOT exceeding 40 years and sparse observational sites become major problems of 

analyzing the climate effects of aerosols.  

1.3 The need of understanding of urbanization impact on surface aerosols 

After the 1990s, China experienced rapid urbanization due to rapid economic 

growth, especially in eastern China. Urbanization influences the atmospheric 

environment and circulation by land cover changes and increase of anthropogenic 

pollutant emissions (Zhong et al., 2015). Due to the urbanization in eastern China, 

anthropogenic emissions of aerosols are increasing rapidly (Wu, 2005). In recent 
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years, large scale haze pollution episodes happened more frequently (Che et al., 

2008) and have severe impact on human health and visibility (WHO, 2005). Some 

researchers have demonstrated the close relationship between increased Particulate 

Matter (PM) smaller than 2.5 µm in aerodynamic diameter (PM2.5) and adverse 

health effects in U.S. cities (Schwartz and Neas, 2000; Pope et al., 2009; Chen et 

al., 2012). The pollutants can also have an important impact on the radiation 

budget in the regional and global scales (Field et al., 2014). Understanding of the 

impact of urbanization and its association with PM2.5 concentrations is helpful for 

understanding the influence on aerosol. Therefore, the effect of urbanization on 

PM2.5 concentrations was evaluated using a chemistry-transport model, which is 

described in Section 4.5. 

1.4 Research objectives 

The objective of the research is to (1) examine the representativeness of 

visibility for analyzing the variability of AOT, and to (2) develop better algorithm 

for retrieving AOT from surface visibility during the 1973-2014 over China. (3) 

The impact of urbanization on PM2.5 concentrations is also evaluated using the 

chemistry-transport model. 

1.5 Thesis outline and flowchart 

The thesis focuses on developing algorithms to retrieve AOT from surface 

visibility and other ancillary data during 1973-2014. In this study, the influence of 

urbanization on aerosol variability is also investigated.  

After this introduction chapter, Chapter 2 describes several techniques of 

aerosol measurements and different methods to obtain long-term AOT exceeding 

40 years. In this Chapter, the literature on the relationship between visibility and 

AOT is also reviewed. 
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Chapter 3 presents the study region and the data used, including satellite, 

AERONET, and ground meteorological data.  

Chapter 4 describes two methods for retrieving AOT from visibility: one new 

developed method using surface visibility and the aerosol vertical distribution 

from LIdar climatology of the Vertical Aerosol Structure of space-based lidar 

simulation studies (LIVAS), and another improved algorithm based Elterman 

method. Five interpolation methods are used to investigate the spatial distribution 

of AOT and spectral analysis techniques are used to evaluate the performance of 

visibility-based AOT and interpolation methods. 

Chapter 5 investigates the representativeness of visibility to analyze the 

variability of AOT and results from two new developed methods. 

Chapter 6 discusses some limitations in the research and Chapter 7 provides 

the conclusions. The flowchart is as follows: 

 

Figure 1.3 Flowchart of the thesis. 
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CHAPTER 2.  

LITERATURE REVIEW 

2.1 Aerosol Optical Thickness (AOT) measurements 

Aerosol Optical Thickness (AOT) is a measurement of how much light 

aerosol is prevented from passing through a column of the atmosphere. The basic 

equation is as follows: 

I = 𝐼0𝑒
−𝜏𝜆𝑚 (1) 

𝜏𝜆 represents the optical thickness at the wavelength of λ, and m is airmass. 𝐼0 

and I are the intensity of radiation at the top of atmosphere and observed intensity 

at a given path length respectively. 

Many techniques have been developed to retrieve global aerosol properties. 

Ground-based measurements provide more accuracy in aerosol optical properties 

observations. AERONET is the largest global optical ground based aerosol 

monitoring network (Holben et al., 1998). The network includes more than 500 

stations, locating around the world. The sun photometer in AERONET can 

measure AOT in eight spectral bands between 340 nm and 1020 nm (340 nm, 380 

nm, 440 nm, 500 nm, 675 nm, 870 nm, 940 nm, and 1020 nm). The instrument 

measures direct sun radiance every 15 minute and sky radiance every hour at 440 

nm, 670 nm, 870 nm, and 1020 nm. AERONET AOT data have higher accuracy 

of <±0.01 for wavelengths longer than 440 nm and <±0.02 for shorter wavelengths 

without cloud contamination (Holben et al., 1998). Observations from AERONET 

have been widely used to evaluate the accuracy of satellite AOT (Li et al., 2013; 

Tao et al., 2013; Li et al., 2014a).  
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Figure 2.1 Global distribution of AERONET stations (cited from 

http://aeronet.gsfc.nasa.gov/cgi-bin/type_piece_of_map_opera_v2_new). 

In addition, SKYNET is an observation network dedicated for aerosol-cloud-

radiation interaction researches. The primary objectives of SKYNET are to 

estimate long-term variations of aerosols, cloud, and surface radiation 

quantitatively and to understand their effect on climate (Khatri et al., 2016). Sky 

radiometer is the main instrument and can measure direct solar radiance in 30 

seconds to 2 minutes depending on the solar zenith angle. The AOT in SKYNET 

is retrieved using SKYPAD.pack version 4.2 software package (Nakajima et al., 

1996). (Campanelli et al., 2007) demonstrated that the algorithm has high accuracy 

when compared to those results using the standard Langley method.  
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Figure 2.2 SKYNET/skyradiometer site map (cited from http://atmos2.cr.chiba-

u.jp/skynet/). 

In recent years, satellite measurements play an essential role in studying 

aerosols and many researchers have illustrated that satellite can provide promising 

results on retrieving aerosol properties (Witek et al., 2013; Livingston et al., 2014). 

Total Ozone Mapping Spectrometer (TOMS) and Ozone Monitoring Instrument 

(OMI) retrieve the absorbing Aerosol Index using the ultraviolet channel (Guo et 

al., 2012; Ahn et al., 2014). MODerate resolution Imaging Spectroradiometer 

(MODIS) and Multi-angle Imaging SpectroRadiometer (MISR) provide the global 

columnar Aerosol Optical Thickness (AOT). TOMS was launched in 1978 and the 

instrument was intended for ozone observing. It can also provide the information 

about absorbing aerosols, such as dust and smoke. OMI was launched in 2005 and 

had similar functions with TOMS. MODIS and MISR were launched in 2000. 

They both can provide columnar AOT over land and Ocean. Detailed information 

about their products is listed in Chapter 3. 

The above mentioned sensors only measured the columnar AOT. However, 

researchers showed that the vertical distribution of the aerosol extinction 

coefficient had an impact on aerosol direct radiative forcing at the surface (Reddy 
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et al., 2013) and significantly altered the vertical distribution of heating rate (Chou 

et al., 2006; Johnson et al., 2008; Guan et al., 2010). Lidar is an important tool to 

provide vertical aerosol distribution. Lidar networks monitor aerosol vertical 

distribution over vast regions, such as European Aerosol Research Lidar Network 

(EARLINET) (https://www.earlinet.org/index.php?id=earlinet_homepage), Asian 

dust network (AD-net) (http://www-lidar.nies.go.jp/), and Micro-Pulse Lidars 

Network (MPL-Net) (http://mplnet.gsfc.nasa.gov/). Cloud-Aerosol Lidar and 

Infrared Pathfinder Satellite Observations (CALIPSO) satellite carries lidar for 

monitoring the global vertical aerosol distribution (Winker et al., 2010). Unlike 

the space-based passive remote sensing instruments, CALIPSO can observe 

aerosols over bright surfaces and beneath thin clouds as well as in clear sky 

conditions (Winker et al., 2007; Liu et al., 2008). One of the most distinct 

advantages of the CALIPSO observations is that it provides a direct measurement 

of the vertical structure of aerosols over regions.  

2.2 Methodologies of long-term aerosol observations 

The major problem of analyzing the climate effects of aerosols is the lack of 

long-term data for AOT exceeding 40 years. Solar radiation and visibility are the 

two most common datasets to retrieve the long-term aerosol loadings. The amount 

of solar flux reaching the surface is affected by atmospheric aerosol loadings, 

cloud amount, and water vapor in the atmosphere (Haywood et al., 2011). 

Gueymard (1998) retrieved aerosol information using physical method. The 

method was performed in cloudless atmosphere and used parameterizations in 

various extinction processes. According to the results, the method can predict 

turbidity coefficients. Qiu (1998) estimated AOT at 750 nm using Junge size 

distribution and LOWTRAN7 aerosol models. The algorithm has high accuracy 

when AOT and solar zenith angle are small. Terez and Terez (2003) developed a 

method based on the assumption that AOT is an arbitrary smooth function of time. 
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Comparing to the traditional Bouguer-Langley method, approximation by Linear 

Sections method had a higher accuracy. Lindfors et al. (2013) presented a lookup 

table method to obtain effective Aerosol Optical Thickness (AOT) using 

pyranometer measurements of surface radiation. The retrieved AOT agreed well 

with the co-located AERONET observations, exhibiting a correlation coefficient 

of 0.9, and more than half of the data are within ±0.05 of the AEORNET AOT. 

Barreto et al. (2014) recovered AOT from solar radiation observations measured 

by solar spectrometer Mark-I. This solar spectrometer was designed as being 

referenced instrument for helioseismology. Barreto et al. (2014) evaluated its 

ability to estimate AOT from transmitted and scattered monochromatic radiation 

at 769.9 nm. The comparative analysis between the inferred AOT and AERONET 

product showed the absolute mean bias is smaller or equal to 0.01. Markowicz and 

Uscka-Kowalkowska (2015) developed a similar algorithm for retrieving the 

broadband and wideband AOT during 1964-2003 from observations of solar direct 

radiation over Poland. The inversion algorithms are based on MODerate resolution 

atmospheric TRANsmission (MODTRAN) radiative transfer model. Li et al. 

(2016b) developed a method to retrieve AOT from sunshine duration. The result 

from the method at six stations in northern China from 2003 to 2005 agreed well 

with the AOT from MODIS. Sanchez-Romero et al. (2016) reconstructed AOT 

using sunshine duration and similar algorithms over Spain. The correlation 

coefficient showed a mean value of 0.72.  

A large number of research also investigated aerosol information from surface 

visibility. Atmospheric visibility is a good indicator of air quality (Baumer et al., 

2008) and it has been measured for many decades at many ground meteorological 

stations. Elterman (1970) developed relationships between surface particle matter 

and vertical attenuation by deriving an exponential decrease of aerosols with 

height. Qiu and Lin (2001) derived AOT from visibility by correcting Elterman 

method to reflect the difference of surface water vapor pressure. Lin et al. (2014) 



Literature review 

31 

 

employed ground-based visibility and the aerosol vertical distribution simulated 

by the nested GEOS-Chem chemical transport model for deriving AOT over 

eastern China in 2006. The retrieved AOT has a correlation coefficient exceeding 

0.5 and a mean bias within 0.02. However, despite that promising results were 

observed from this study, one of the limitations is the time-consuming and 

computer-demanding process of GEOS-Chem chemical transport model for 

retrieving long-term AOT. Wu et al. (2014) developed the Elterman method further 

by adding new parameters to reflect the aerosol vertical profile in each station.  

2.3 Representativeness of visibility for analyzing the variability of AOT 

Although some promising results of AOT derivation were obtained using 

visibility data, some uncertainties still exist. For example, in a case of multiple or 

elevated aerosol layers, surface observations may not be able to represent the total 

aerosol loadings in the atmosphere (Li et al., 2015a). Toth et al. (2014) found that 

surface PM2.5 concentrations in the eastern U.S. had the best correlation with the 

dry mass Cloud-Aerosol Lidar with Orthogonal Polarization (CALIOP) extinction 

at 200 to 300 m. there are also many other papers that pointed out the importance 

of aerosol vertical profile and relative humidity in the AOD and visibility 

relationship (Kessner et al., 2013; Qu et al., 2013; Shahzad et al., 2013; Qu et al., 

2015). Typically, aerosol extinction coefficients at the surface are a common 

parameter for deriving visibility by a simple inverse formula, named 

Koschmieder’s equation (Koschmieder, 1925). However, Koschmieder’s equation 

is only applicable under specific atmospheric conditions (Horvath, 1971; Yuan et 

al., 2006; Lee et al., 2014) and the equation may also lead to some discrepancies 

between AOT and visibility. Meyer et al. (1991) illustrated that Koschmieder’s 

equation generally underestimated the visual range using the default value. The 

range of constant in the equation is varied from 1.8 to 3.912 in different visibility 

stations (Ozkaynak et al., 1985; Yuan et al., 2006; Kessner et al., 2013). Kessner 
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et al. (2013) also pointed out the important of quality control (QA) for the visibility 

data. Many studies have investigated the relationship of AOT and visibility on an 

hourly and daily-scale at a few ground observation stations, which have not been 

revealed in both spatial and temporal variation on significantly large scales. 

Random observed noise may comprise such limited studies (So et al., 2005; Chan, 

2009; Zhao et al., 2015a). Retalis et al. (2010) compared AOT with situ visibility 

data over Cyprus from January to June 2009 and the correlation between sun 

photometer AOT and visibility was significant. So et al. (2005) compared MODIS 

AOT with visibility to illustrate their correlation over Hong Kong from October 

2004 to January 2005. Zhao et al. (2015b) demonstrated that monthly averaged 

visibility had an inverse trend to AOT. Lee et al. (2014) investigated surface 

visibility using satellite data in urban areas from 2007 to 2009. A new analytical 

model based on aerosol microphysics and nonlinear exponential fitting was 

developed in the paper. Brunner et al. (2016) retrieved visibility from 

Geostationary Operational Environmental Satellites (GOES-R) measurements and 

demonstrated that the GOES-R can provide useful visibility information in two 

months. 

2.4 Urbanization effect on particles matters 

Significant positive correlations were found between PM2.5 concentrations and 

urban populations. However, it is hard to evaluate the urban effect quantitatively 

using observations data. Chemical transport models can be used to investigate the 

impact of the PM2.5 variability from land-use parameter. There are many studies 

conducted to investigate the impacts of urbanization on urban heat islands, 

precipitation, regional warming, and air quality. For example, Zhong and Yang 

(2015) investigated the urbanization impact on summer precipitation in Beijing 

using the advanced Weather Research and Forecasting-Chemistry (WRF-Chem) 

model. The expended urban land cover and increased aerosols have different 
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effects on the rainfall processes. Liao et al. (2015) analysed the impacts of 

urbanization on regional climate and air quality in Yangtze River Delta (YRD) 

using the WRF-Chem model. Wang et al. (2007) explored the influences of urban 

land-use change on ozone concentrations in the Pearl River Delta (PRD) using the 

WRF-Chem. Most of these previous studies focused on the urbanization impact on 

surface concentrations of particle matters in urban areas. Only a few researchers 

analysed the difference of urbanization effect in both urban and rural areas. In this 

study, the influence of urbanization on PM2.5 concentrations of urban and rural was 

analysed. 
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CHAPTER 3.  

DATA USED AND THE STUDY REGION 

3.1 Overview of study region 

China is located in the eastern Asia and is the country subject to relatively 

high aerosol loadings compared with nominal global conditions (Boucher et al., 

2013). Thus, this region is a compelling locale for monitoring air pollution and it 

has the largest human population. The mainland of China is one of the major global 

aerosol emission sources. In the recent four decades, anthropogenic emissions of 

aerosols over China have increased significantly due to rapid industrial 

development, and severe aerosol pollution has been observed frequently (Bian et 

al., 2007; Che et al., 2008; Han et al., 2009; Zhang et al., 2009). North China Plain 

(NCP), Yangtze River Delta (YRD) and Pearl River Delta (PRD) are three major 

polluted regions in China (Xin et al., 2015). Anthropogenic aerosol pollution and 

mineral dust pollution are the two main types of aerosol pollution in China (Tie 

and Cao, 2009). Air pollutants in China can be transported to other regions by wind 

(Kim et al., 2010; Lee et al., 2013; Yi et al., 2014). There are many investigations 

about aerosol conducted in this region (Lee et al., 2007; Tie and Cao, 2009; Wang 

et al., 2011; Chen et al., 2014b). However, the knowledge about temporal and 

spatial variations of aerosols over the last four decades is still very limited.  

3.2 Satellite data 

MODIS Collection 06 daily AOT products (MOD04 and MYD04) are 

acquired from the NASA Goddard Space Flight Center 

(http://ladsweb.nascom.nasa.gov/data/search.html). Daily data are used in this 

study at a spatial resolution of 10 x 10 km. The monthly data used in the retrieval 

method are averaged within 10 km surrounding the visibility station from daily 

http://ladsweb.nascom.nasa.gov/data/search.html
http://ladsweb.nascom.nasa.gov/data/search.html
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data. MODerate-resolution Imaging Spectroradiometer (MODIS) Collection 06 

monthly AOT products (MYD08 for AQUA and MOD08 for TERRA) were also 

used. MODIS AOTs were calculated using three different algorithms for different 

regions: one algorithm for ocean and two for land — the Deep-Blue (DB) 

algorithms (Hsu et al., 2004) and Dark-Target (DT) (Levy et al., 2010). The 

retrieval errors of DT and DB AOT are within ±0.05±0.15×AOT (Levy et al., 

2013) and ±0.03±0.2×AOT (Sayer et al., 2013) respectively. However, these 

errors do not take into account the potential bias for cloud contamination of the 

retrievals (Kaufman, 1998), and in particular optically-thin cirrus clouds that have 

been proven difficult to screen completely from MODIS datasets (Huang et al., 

2011). Mace et al. (2010) estimated mid-latitude cirrus cloud frequencies, 

approximately 40% of which are optically-thin and a large uncertainty to AOT 

retrieval algorithms (Campbell et al., 2013). AOT exceeding 2 is excluded in this 

study, which may have large uncertainties in both visibility and MODIS products 

(Lin and Li, 2016). In this paper, MYD08 and MOD08 combined DT and DB 

products between July 2002 and December 2014 were also used. Together, these 

two algorithms were used to overcome the discontinuities in surface reflectance 

globally, which results in a merged global AOT product (Collection 06; (Levy et 

al., 2013)) that was used in this study. The mean AOTs of both AQUA and TERRA 

in the study period are shown in Figure 3.1. High AOTs are mainly distributed in 

the North China Plain (NCP), Yangtze River Delta (YRD), and the Sichuan Basin 

(SB). 

MISR onboard of TERRA satellite was launched into earth orbit in December 

1999, and it was designed to measure aerosol properties with repeated global 

coverage in between two and nine days (Kaufman, 1998; Diner et al., 2002). The 

MISR instrument consists of nine push-broom cameras. Compared to the MODIS 

aerosol algorithm, MISR has better capability over bright surfaces due to the multi-

angle view (Abdou et al., 2005). The retrieval error of MISR AOT is within 
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±0.04±0.18×AOT (Liu et al., 2004). Monthly 555 nm MISR AOT products with 

resolution of 0.5o × 0.5o are illustrated in Figure 3.1. The spatial resolution of 

MODIS and MISR AOT in Figure 3.1 are 1o×1o and 0.5o×0.5o respectively. 

MODIS observations are higher than MISR measurement, especially in the NCP 

and YRD regions. This is related to the underestimation in MISR aerosol datasets 

over high AOT events (Kahn et al., 2005; Kahn et al., 2007; Shi et al., 2011) and 

overestimation of MODIS DB products (Wang et al., 2010; Tao et al., 2015). 
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Figure 3.1 Monthly averaged AOT from July 2002 to September 2014 (a) 

MYD08 at 550 nm, (b) MOD08 at 550 nm, and (c) MISR at 555 nm. 

In this study, vertical aerosol profiles from LIdar climatology of the Vertical 

Aerosol Structure for space-based lidar simulation studies (LIVAS) are 

downloaded from http://lidar.space.noa.gr:8080/livas/index.html. LIVAS products 

provide profiles of aerosol optical properties by combining Cloud-Aerosol Lidar 

and Infrared Pathfinder Satellite Observation (CALIPSO) measurements and 

ground-based measurements. For most sites, the comparison between AERONET 

and LIVAS reveals biases within ±0.1 in terms of AOT. The horizontal spatial 

resolution of LIVAS climatology is 1o × 1o, covering all longitudes, and latitudes 

between 82 °N and 82 °S. The vertical resolution of the data is 60 m from the 

surface to 20 km, and 180 m from 20 km to 30 km. The algorithms used to 

constrain extinction coefficients are given in Amiridis et al. (2015). The LIVAS 

data used in our study cover about 4 years from June 2008 to December 2011. 

Derived extinction coefficients from the surface to 500 m above ground are used 

for deriving the AOT below 500 m altitude (hereafter AOTlow) in this study. Figure 

3.2 shows the seasonal aerosol extinction profile in China. Similar aerosol 

extinction profiles are shown in summer and autumn. The maximum aerosol 

extinction coefficient occurs in winter. According to the Figure 3.2, large 

differences among seasonal aerosol extinction profile can be found. 

http://lidar.space.noa.gr:8080/livas/index.html
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Figure 3.2 Seasonal aerosol extinction profile in China. 

3.3 Interpolation of missing data 

Missing monthly AOT data were interpolated following the steps proposed 

by Li et al. (2014a) to assure the completeness of the time-series data. Steps are 

listed as follows: 

(1) multi-year monthly average value was first removed from the AOT 

dataset, 

(2) linear interpolation was then performed on the time series of data to 

fill the gaps, and 

(3) finally, the full dataset was created by adding the monthly average 

value back. 
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The interpolation method performed well with relatively small error, which can 

minimize seasonal variability (Li et al., 2014a; Zhang et al., 2016b). One more 

criterion was proposed and used to further minimize the bias in the paper: each 

pixel/station must contain at least 70% of available monthly data. 

3.4 AERONET data 

To reconcile satellite-based dataset, ground-based AOT measurements 

collected using sun photometers maintained by the AErosol RObotic NETwork 

(AERONET;(Holben et al., 1998)) are considered. These data become an 

important regional context to ensure representativeness of the satellite data. In this 

paper, the Beijing station in China (39.997o N, 116.381o E) was used. AERONET 

AOT data have higher accuracy of <±0.01 for retrieval at wavelengths longer than 

440 nm and <±0.02 for shorter wavelengths without cloud contamination (Holben 

et al., 1998). (Chew et al., 2011) estimated AERONET AOT bias between 0.031 

and 0.060 due to thin cirrus cloud contamination. 

3.5 Ground meteorological data 

Surface visibility is measured by visibility meters and human observation 

(Ma and Yang, 2007). Trained observers measure visual range using reference 

objects in different directions at known distances. The uncertainty of visibility 

observed by human varies from person to person. The error of visibility measured 

by visibility meter is within ±10~20% (WMO, 1996). The hourly visibility data 

are acquired from the Integrated Surface Hourly Data Base (ISD), which is land-

based station data available from in the America National Centers for 

Environmental Information (NCEI). Fifty-four quality-assured algorithms of ISD 

are designed to eliminate obvious errors and to ensure that valid values are not 

removed (Smith et al., 2011). For China, daily visibility before 1980 was recorded 

according to 10 ranks based on distance (Wu et al., 2014). The surface visibility 
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was then observed by trained observers during 1980-2013. After 2013, automatic 

visibility instruments were used to observe the visibility (Li et al., 2016a). This 

method is more stable and accurate than manual observation. The biases induced 

by different methods were discussed in Chapter 6. Hourly visibility data for all sky 

(clear sky and cloudy sky) conditions between 2 and 7 UTC were selected. Figure 

3.3 shows the mean visibility between July 2002 and December 2014 for the 

selected 387 meteorological stations. Low visibility areas are mainly distributed in 

parts of the NCP, YRD, and SB region. According to the location of the visibility 

station and corresponding data availability, monthly AOT values were extracted 

from MODIS datasets between July 2002 and December 2014. To acquire accurate 

AOT from visibility data, the hourly visibility data were then co-matched with the 

MODIS AOT data within ±1 hour. In order to reduce errors, the visibility data were 

then further removed when the data satisfied the following conditions: 

1. Corresponding relative humidity is greater than 95% (Lin et al., 

2014). 

2. The daily average visibility falls below one third of the values in 

the next and previous day (Husar et al., 2000).  

All visibility data in the station would be excluded when it satisfied the 

following conditions (Husar et al., 2000): 

1. The maximum visibility is below 12 km, while the median value 

exceeds 11 km in the station during the study period. 

2. The number of non-repeating visibility values is less than five in 

the station during all study periods. 

After screening of visibility data, the remaining data are available at 259 stations 
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at AQUA and 240 stations at the TERRA overpass time. The mean visibility 

between 1973 and 2014 at TERRA and AQUA overpass time are displayed in 

Figure 3.3. 

 

Figure 3.3 Averaged visibility from July 2002 to September 2014. 

3.6 Air quality data 

China's National Environmental Monitoring Center (CNEMC) (CNEMC, 

2013) has released the real-time air quality monitoring data for 74 major cities in 

China since 1 January 2013. Among these air quality monitoring data, the hourly 

PM2.5 mass concentration was used in this study. The PM2.5 mass concentration 

was measured by the Tapered Element Oscillating Microbalance (TEOM) 

analysers, and it was calibrated and validated using Chinese Environmental 

Protection Agency (EPA) standards (Tao et al., 2012). 
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CHAPTER 4.  

METHODOLOGY 

4.1 Spectral analysis techniques in the inter-comparison 

The spectral analysis techniques were used to examine the spatial-temporal 

coherency among different types of datasets. Singular Value Decomposition (SVD) 

and Combined Principal Component Analysis (CPCA) were used. The SVD 

technique was performed to separate spatially and temporally varying modes 

between two input fields. In this study, SVD method was used to investigate the 

representativeness of visibility for estimating columnar AOT and to evaluate the 

performance of derived AOT from surface visibility. The SVD analysis was first 

applied in meteorological context by Prohaska (1976) to analyze the relationships 

between United States monthly surface air temperature and Northern Hemispheric 

sea level pressure. The SVD method can decompose two input fields into a set of 

independent eigenvectors of the cross-covariance matrix (Halldor and Venegas, 

1997). Pairs of singular vectors can be used to describe spatial patterns for two 

variables. The two expansion coefficients explain the weighting of the mode on 

the temporal scale. The approach comprises the following steps: 

 Suppose X and Y represent normalized monthly visibility and AOT 

respectively, which are centered in time. The cross-correlation matrix can be 

formed as in Equation 2: 

M=XTY (2) 

Then, SVD was performed on matrix M. Orthogonal matrices U and V can be 

found as Equation 3. 

M=ULVT (3) 
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The time series Tx and Ty describing how each mode of variability oscillates in 

time were calculated by projecting U back to X and projecting V back to Y 

(Equations 4 and 5). 

Tx=XU (4) 

Ty=YV (5) 

The proportion of squared covariance (SCF) explained by i-th mode can be 

calculated by letting li denoting the i-th singular value in L (Equation 6). 

SCF𝑖 =
𝑙𝑖
2

∑ 𝑙𝑖
2𝑁

𝑖=1
⁄  (6) 

CPCA method was first introduced by Kutzbach (1967) to analyze monthly 

mean sea-level pressure, surface temperature and precipitation over North America. 

Li et al. (2014b) analyzed the space-time variability of AOT from MODIS, MISR, 

and OMI. The results indicated that the method can find the common spatial and 

temporal variability effectively. In this study, the method was used to analyze the 

performance of the selected Interpolation methods. 

4.2 Development of of Aerosol Optical Thickness (AOT) combining surface 

visibility and aerosol extinction profile 

According to the analysis of the spatial-temporal variability of AOT and 

visibility, the seasonal aerosol vertical distribution influences the 

representativeness of visibility. The aerosol extinction profile was used to 

investigate the columnar AOT from surface visibility. Assuming that the impact of 

air molecules is neglectable, the surface aerosol extinction coefficient at 550 nm 

is inversely proportional to surface visibility according to the Koschmieder’s 

equation: 
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Extinction𝑎 = 𝐾/𝑉 (7) 

where Extinction𝑎  represents surface aerosol extinction coefficient; K is the 

Koschmieder’s constant and V is the visibility form ground-based stations. In 

general, K depends on the contrast threshold of human observation. Errors induced 

by air molecules are increasing with higher visibility. V accounts for scattering due 

to particles. Therefore, NO2 as well as brown and black carbon can also induce 

large errors in urban atmosphere (Shahzad et al., 2013). Thus, the improved 

equation is adopted. 

Extinction𝑎 =
𝐾
𝑉⁄ ∗ (1 − 𝑉 𝑉0

⁄ ) (8) 

𝑉0 is the optical effects of air molecules. According to the equation of Lin et al. 

(2014), AOT can be retrieved using Equation 9: 

AOT = 𝐾 𝑉⁄ ∗ (1 − 𝑉 𝑉0
⁄ ) ∗ (AOT𝑚/Extinction𝑎𝑚) (9) 

where AOT𝑚  and Extinction𝑎𝑚  are AOT and surface extinction coefficient of 

LIVAS products respectively.  

F = ∑ (𝐴𝑂𝑇𝑚𝑜𝑑𝑖𝑠 − AOT) = ∑ (𝐴𝑂𝑇𝑚𝑜𝑑𝑖𝑠 −
𝐾
𝑉⁄ ∗ (1 − 𝑉 𝑉0

⁄ ) ∗2014
2011

2014
2011

(AOT𝑚/Extinction𝑎𝑚)) (10) 

F indicates the sum discrepancy between two types of AOT data for every station. 

The range of K is 1.8-3.912 and the derived extinction coefficients from surface to 

200-1400 m above ground were averaged as the surface extinction coefficient in 

this study (Lin et al., 2014). The unknown parameters (K and height) can be 

resolved when the minimum F was obtained. 
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4.3 Improvement of Aerosol Optical Thickness (AOT) retrieval based on M-

Elterman method 

Although promising results were obtained by combining surface visibility and 

aerosol extinction profile, there are still some limitations on the aerosol extinction 

profile data. An improved method based M-Elterman method was thus developed 

to investigate the long-term AOT. The aerosol extinction coefficient at height Z 

can be expressed as 

Extinction(z)𝑎 =
𝑁𝐴(𝑧)

𝑁𝐴
𝐾
𝑉⁄ ∗ (1 − 𝑉 𝑉0

⁄ ) (11) 

𝑁𝐴(𝑧)  and 𝑁𝐴  are the aerosol particle concentrations at height z and surface 

respectively. According to the equation from McClatchey et al. (1972), 

concentrations of aerosol particles at height z can be calculated by 

𝑁𝐴(𝑧) =

{
 

 55exp[−
𝑧−5.5

𝐻1
], 𝑧 < 5.5 𝑘𝑚

55, 5.5 ≤ 𝑧 ≤ 18 𝑘𝑚

55exp[−
𝑧−18

𝐻2
], 𝑧 > 18 𝑘𝑚

 (12) 

𝐻1 = 0.0222𝑉 + 0.886 and 𝐻2 = 3.77 𝑘𝑚 according to the research of Qiu and 

Lin (2001). According to the Equation 8, 11, and 12, visibility at the height z can 

be expressed as 

𝑉𝑧 = 3.912 (0.0116 − 0.00099𝑧 + (
3.912

𝑉
− 0.0116)exp (−

𝑧

0.886+0.0222𝑉
))⁄  (13) 

z is the latitude of visibility station. 𝜏𝑎 at wavelength of 550 nm can be derived 

using the following equation: 

𝜏𝑎 = (
3.912

𝑉
− 0.0116)(𝐻1 (exp (−

𝑧

𝐻1
) − exp (−

5.5

𝐻2
)) + 12.5 exp (−

5.5

𝐻1
) +

𝐻2exp (−
5.5

𝐻1
)) (14) 
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Equation 14 is the traditional Elterman AOT retrieval method. Qiu and Lin (2001) 

investigated the influence of water vapor on the Elterman algorithm and developed 

correction method to calibrate the result by dividing the China region into two 

parts. The equations in the study of  Qiu and Lin (2001) are as follows: 

𝜏𝑎 = (
3.912

𝑉
− 0.0116) (𝐻1 (exp (−

𝑧

𝐻1
) − exp (−

5.5

𝐻2
)) + 12.5 exp (−

5.5

𝐻1
) +

𝐻2 exp (−
5.5

𝐻1
)) ∗ 𝑓 (15) 

𝑓 =

{
exp(−0.32 + 0.02𝑉𝑧),   𝑁𝑜𝑟𝑡ℎ𝑒𝑎𝑠𝑡 𝑜𝑓 𝐶ℎ𝑖𝑛𝑎

exp ((0.42 + 0.0046𝑝𝑤 + 0.015𝑉𝑧)exp (−0.0047𝑉
2 𝑝𝑤⁄ )), 𝑂𝑡ℎ𝑒𝑟 𝑟𝑒𝑔𝑖𝑜𝑛𝑠 𝑜𝑓 𝐶ℎ𝑖𝑛𝑎

(16) 

𝑝𝑤 is the surface vapor pressure (unit: hPa). However, the method was only tested 

in 16 stations and it was hard to apply the method to all visibility stations of China. 

To calibrate the effect of water vapor and aerosol vertical distribution at each 

station, Wu et al. (2014) adjusted some parameters in the Qiu method (Qiu and Lin, 

2001) using the least squares method for each station. 

𝐹 = (
3.912

𝑉
− 0.0116) ((𝑒𝑉 + 𝑓) exp (−

𝑧

𝑒𝑉+𝑓
) − exp (−

5.5

𝑒𝑉+𝑓
) +

12.5 exp (−
5.5

𝑒𝑉+𝑓
) + 𝑔 exp (−

5.5

𝑒𝑉+𝑓
)) exp((𝑎 + 𝑏𝑝𝑤 + 𝑐𝑉𝑧) exp (

𝑑𝑉2

𝑝𝑤
)) − 𝐴𝑂𝑇 

(17) 

𝐴𝑂𝑇 is the measurements from MODIS for the station. To further improve the 

accuracy of the inferred AOT, the method calculating aerosol extinction coefficient 

was enhanced by the following equation: 

𝐹 = (
ℎ

𝑉
− 𝑖)((𝑒𝑉 + 𝑓) exp (−

𝑧

𝑒𝑉+𝑓
) − exp (−

5.5

𝑒𝑉+𝑓
) + 12.5 exp (−

5.5

𝑒𝑉+𝑓
) +

𝑔 exp (−
5.5

𝑒𝑉+𝑓
)) exp((𝑎 + 𝑏𝑝𝑤 + 𝑐𝑉𝑧) exp (

𝑑𝑉2

𝑝𝑤
)) − 𝐴𝑂𝑇 (18) 
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S = ∑ (𝐴𝑂𝑇 − 𝐹)22014
2011  (19) 

In Equation 19, S is the function of a, b, c, d, e, f, h, and i. Parameters in the 

equation were solved using the least square regression. In this paper, monthly AOT 

from 2011 to 2014 was used to retrieve parameters following least square 

regression and other data were used to validate the inferred AOT. The further 

improved retrieval method is named “KM-Elterman” method. 

4.4 Spatial interpolation methods 

According to the previous studies, visibility-based AOT was obtained from 

surface visibility. In order to acquire the spatial distribution of AOT in large areas, 

interpolation methods were required. In this paper, five interpolation algorithms 

were evaluated and selected the appropriate method for AOT.  

4.4.1 Inverse Distance Weighted (IDW) interpolation 

The IDW method is one of the simplest and most readily available methods. 

In the method, the value of the interpolated field 𝑝𝑖 at location (𝑥𝑖, 𝑦𝑖) can be 

calculated by: 

𝑝𝑖 = ∑ 𝑤𝑖𝑧𝑖
𝑚
𝑖=1  (20) 

𝑤𝑖 =
ℎ𝑖
−𝑝

∑ ℎ
𝑖
−𝑝𝑛

𝑗=𝑖

 (21) 

𝑝 is an arbitrary positive real number called the power parameter (typically, p=2) 

and ℎ𝑖 is the distance from scatter point to the interpolation point. 

4.4.2 Biharmonic Spline (BS) interpolation 

Biharmonic spline interpolation can be used for the minimum curvature 
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interpolation of irregularly spaced data points. The method performs best when the 

number of dimensions is less than three. In two dimensions, the derivation can be 

calculated using the following equation: 

∇4𝑤(4) = 𝛼1𝛾(𝑥 − 𝑥1) + 𝛼2𝛾(𝑥 − 𝑥2) (22) 

w(𝑥𝑖) = 𝑤𝑖 (23) 

∇  is the biharmonic operator and x is a position in 2-dimensional space. The 

general solution is given by: 

w(x) = 𝛼1𝜑2(𝑥 − 𝑥1) + 𝛼2𝜑2(𝑥 − 𝑥2) (24) 

The point forces can be calculated by solving the linear system: 

𝑤𝑖 = 𝛼1𝜑2(𝑥𝑖 − 𝑥1) + 𝛼2𝜑2(𝑥𝑖 − 𝑥2) (25) 

4.4.3 Data Interpolating Empirical Orthogonal Functions (DINEOF)  

DINEOF is an algorithm using an iterative EOF decomposition to fill missing 

data (Beckers and Rixen, 2003). Parameters in the method were derived from the 

previous data. In the first round, one guess value (e.g. 0) was used as the missing 

data, temporal and spatial mean value was removed from full data. The first mode 

can be obtained and the mode can derive new estimates for the missing data. The 

procedure was stopped when convergence was obtained for the values given to the 

missing data with the first mode. Next, two leading modes were adopted and the 

process was repeated until convergence. Then, three modes were adopted, and so 

on. The number of modes can be fixed by a cross validation (Beckers and Rixen, 

2003). 

4.4.4 Data Interpolating Variational Analysis (DIVA) interpolation 



Methodology 

49 

 

DIVA is a method designed to interpolate irregularly-spaced, noisy data onto 

any desired location. The method analyzed in a similar way to Optimal 

Interpolation (OI). However, it can take into account of geometric and dynamic 

constraints. Large data sets can be handled using the method due to the 

minimization of the cost function (Troupin et al., 2012).  

4.4.5 Spatial boundary interpolation 

Mishra et al. (2016) developed a statistical model to investigate the variations 

of spatial boundaries around each AErosol RObotic NETwork (AERONET) 

stations over the Mediterranean basin and applied this method to obtain the spatial 

distribution of AOT. In this paper, the correlation between daily MODIS AOT 

surrounding visibility station (x, y) and daily MODIS AOT in the location of 

visibility station were derived by creating time series during 2002 to 2014 for 

different seasons. The spatial distribution of correlation coefficients were affected 

by the variations of meteorology, aerosol transport path and their sources/sinks 

(Mishra et al., 2016). To investigate variations of the spatial boundary, the 

correlation coefficient in the boundary must satisfy the following two conditions: 

1. The correlation coefficient is greater than or equal to 0.7. 

2. Pixels must be connected to the main cluster in the location of the station. 

Linear fitting method (Equation 26) was applied to the grid pixel (i, j), which had 

a correlation coefficient more than 0.7.  

𝜏𝑖,𝑗
𝑀𝑜𝑑𝑒𝑙 = 𝑎𝑖,𝑗 ∗ 𝜏𝑥,𝑦

𝑀𝑂𝐷𝐼𝑆 + 𝑏𝑖,𝑗 (26) 

where 𝜏𝑖,𝑗
𝑀𝑜𝑑𝑒𝑙 and 𝜏𝑥,𝑦

𝑀𝑂𝐷𝐼𝑆 present the model output and input AOT respectively. 

𝑎𝑖,𝑗 is slope and 𝑏𝑖,𝑗 is intercept. The parameter in the equation can be retrieved 
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using linear regression on the pixel surrounding visibility station.  

4.5 Chemistry-transport model description 

In this study, Weather Research and Forecasting Model version 3.6.1 

(Skamarock et al.) coupled with Chemistry (WRF-Chem) (Grell et al., 2005) was 

adopted to investigate the distribution of PM2.5 concentrations. The model domain 

covers the eastern China. The horizontal grid resolution is 12 km × 12 km for the 

domain. The vertical grid is composed of 29 layers from the surface to 10 hPa. The 

initial and lateral boundary conditions for the meteorological fields was 

downloaded from 6-hourly data with 0.25o resolution from the website of the 

European Centre for Medium-Range Weather Forecasts (ECMWF). The initial 

chemistry boundary conditions for the main gases and particulate matter 

concentrations are available from the MOZART-4 outputs (Emmons et al., 2010).  

Anthropogenic emissions for the study region were acquired from Multi-

resolution Emission Inventory for China (MEIC) (Li et al., 2014d; Li et al., 2015b; 

Liu et al., 2015), which was provided by Tsinghua University, China and has been 

widely used in other studies (Liu et al., 2016a; Long et al., 2016). The spatial 

resolution of anthropogenic emission is 0.25o × 0.25o and there is no information 

available about the vertical distribution and diurnal variation of anthropogenic 

emissions. Fire burning emission data were based on the Fire Inventory from 

NCAR (FINN) (Wiedinmyer et al., 2011). Biogenic emissions were based on the 

Model of Emissions of Gases and Aerosols from Nature (MEGAN) (Guenther et 

al., 2006). Aerosol and gas phase chemistry were described using the Regional 

Acid Deposition Model 2 (RADM2) chemical schemes (Stockwell et al., 1990) 

and Modal Aerosol Dynamics Model for Europe (MADE) and Secondary Organic 

Aerosol Model (SORGAM) aerosol scheme (Ackermann et al., 1998; Schell et al., 

2001). RADM2 and Fast-J photolysis option were used in this thesis. The physics 
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options were used in this study, including Purdue Lin microphysics scheme (Lin 

et al., 1983), Rapid Radiative Transfer Model (RRTM) for short and long wave 

radiative transfer, NOAH land surface model (Chen and Dudhia, 2001), Yonsei 

University (YSU) boundary layer scheme (Hong et al., 2006). In order to analyse 

the impact of urbanization, single-layer Urban Canopy Model (UCM) was used. 

UCM is a column model with symmetrical street canyons and it can represent the 

momentum and energy exchange between the urban surface and the atmosphere 

(Kusaka et al., 2001).  
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CHAPTER 5.  

RESULT AND DISCUSSION 

5.1 Evaluation of MODIS product retrieval accuracy 

The MODIS daily AOT data were first evaluated by the AERONET Level 2.0 

AOT over Beijing. Only Beijing AERONET station was used due to the 

availability of AOT data between 2002 and 2014. Figure 5.1a and Figure 5.1b 

show validation results of MODIS AOT with Beijing AERONET datasets. The 

correlation coefficient between daily MODIS and AERONET AOT is 0.880. This 

also shows that MODIS overestimates AOT, compared with AERONET. In 

general, the TERRA AOT is higher than AQUA AOT, while AERONET AOT at 

AQUA overpass time is higher than AERONET AOT at TERRA overpass time. 

Monthly MODIS data were used to infer the AOT from visibility in this study. 

Thus, the performance of monthly data was also evaluated by comparing with 

ground-based observations (Figure 5.1c and Figure 5.1d). The correlation 

coefficient between monthly TERRA AOT and AERONET AOT is 0.725, while 

the correlation coefficient between monthly AQUA AOT and AERONET AOT is 

lower than daily data, at 0.664. The monthly MODIS AOT underperforms the daily 

MODIS AOT data, due to the aggregation of error/bias. 
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Figure 5.1 Collocated comparison of AERONET AOT with (a) daily TERRA 

AOT, (b) daily AQUA AOT, (c) monthly TERRA AOT, and (d) monthly AQUA 

AOT in Beijing. 

The monthly variations of MODIS AOT were compared with AERONET 

AOT. The linear trend analysis method was adopted. Decreasing AOT trend (-

0.00550 yr-1) was observed from the TERRA data, while increasing AOT trend 

(0.00390 yr-1) was observed from AQUA AOT. Decreasing AOT trend (-0.00970 

yr-1) was found from ground-based measurements. The inconsistent AOT trends 

from TERRA and AQUA may be caused by the severe pollution in Beijing (Zhang 

et al., 2016a). The results from MODIS and AERONET AOT indicate that the 

changes of AOT trends are insignificant during the study period. These results are 

consistent with the research of Zhang et al. (2016a). 
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Figure 5.2 Monthly variations of AERONET AOT with (a) TERRA AOT and (b) 

AQUA AOT in Beijing. 

5.2 Singular Value Decomposition (SVD) results for satellite AOT and 

visibility 

Singular Value Decomposition (SVD) was performed on the full dataset by 

removing the temporal mean value for both the satellite AOT products and 

visibility data. The first two modes explain more than 80% and 90% of the 

variability for TERRA and AQUA MODIS, and MISR respectively. Thus, only the 

first two modes in SVD were analyzed and the others were deemed as noises. The 

legend in the spatial pattern indicates the extent of variation. Deep blue and red 

colors representing large variation is shown in Figure 5.3. The correlation 

coefficient between time series of satellite AOT and visibility in different modes 

indicates the relationship of AOT and visibility on the temporal scale for different 

modes. In order to compare spatial modes of visibility and AOT, reverse visibility 

spatial modes are also illustrated. The first mode shown in Figure 5.3 exhibits 
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about 50% of the total variance for MODIS and 83% for MISR. The first mode 

exhibits a higher percentage of total variance. This may be caused by the 

underestimation of MISR aerosol datasets for high AOT. PC 1 shows an annual 

pattern, with the maximum in winter. The correlation between PC 1 of the satellite 

AOT and visibility reaches 0.782, 0.779, and 0.803 for TERRA, AQUA, and MISR 

respectively. Figure 5.3c shows strong variation in the temporal pattern due to the 

light variation in the spatial pattern. Although some discrepancies exist in the 

amplitude of variation between visibility and MISR AOT in Figure 5.3c, similar 

seasonal and inter-annual variations are found. Large variation in associated AOT 

spatial patterns is found in Lop Nur, North China Plain, and southwest China. 

However, large variation of visibility in the first mode is found in the eastern and 

northeastern China. The spatial distribution of AOT and visibility both exhibit 

significant differences.  

 

Figure 5.3 The spatial pattern and time series of the first mode for (a) 
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TERRA/visibility, (b) AQUA/visibility, and (c) MISR/visibility from the full 

data. 

The second mode of TERRA and AQUA accounts for about 32% of the total 

variance, while the second mode of MISR only explains about 7.7%. The signal is 

relatively strong in the southeastern China and part of western China. The spatial 

distributions of AOT and visibility agree well. For MISR, strong variations are also 

observed in central China. Differences in spatial variability between MISR and 

MODIS from the first two modes may be due to the different temporal resolutions 

in these satellite data. The associated time series have an annual cycle, and the 

observed peak occurs in spring. The correlation between time series data is greater 

than 0.8 for all datasets. 

 

Figure 5.4 The spatial pattern and time series of the second mode for (a) 

TERRA/visibility, (b) AQUA/visibility, and (c) MISR/visibility from the full 
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data. 

The representation of visibility in terms of inter-annual AOT by removing the 

seasonal mean values was also examined. The first two modes account for about 

50% of total variance. The variances explained by deseasonalized MISR and 

visibility data are relatively low and this is related to narrower swatch and longer 

revisit time of MISR (Li et al., 2013). In the first mode, large variation of visibility 

and AOT is shown in higher populated areas of China, which are mainly 

concentrated in the eastern China (Figure 5.5). This indicates that AOT and 

visibility in this region vary significantly during the study period. The second 

mode is likely associated with the spatial variation of AOT in China (Figure 5.6). 

Increasing aerosol trends are shown in Shandong and northwest China, while 

decreasing trends are shown over parts of southeast coast, Gobi Desert, and Joint 

of Shanxi, Sichuan, and Hubei province. In this study, visibility does not capture 

the seasonal variation of AOT. However, a promising relationship is shown in 

inter-annual variation between visibility and AOT for two reasons: first, visibility 

and AOT both contain some information relating to water vapor. More water vapor 

can cause lower visibility and higher AOT, and water vapor is one of the factors 

that can influence the relationship of visibility and AOT. In general, the aerosol 

loading is the dominant factor. Thus, it implies that the inter-annual change of 

water vapor may have little impact on the relationship between inter-annual 

variation of AOT and inter-annual variation of visibility. 
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Figure 5.5 The spatial pattern and time series of the first mode for (a) 

TERRA/visibility, (b) AQUA/visibility, and (c) MISR/visibility from the 

deseasonalized data. 
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Figure 5.6 The spatial pattern and time series of the second mode for (a) 

TERRA/visibility, (b) AQUA/visibility, and (c) MISR/visibility from the 

deseasonalized data. 

5.3 Correlation of seasonal variation between MODIS AOT and visibility  

The results of SVD indicate that the differences between AOT and visibility 

are mainly a function of seasonal variability. Figure 5.7 shows the correlation in 

each station between different AOT products and all-sky visibility. Some 

differences in the spatial distribution of correlation are displayed in Figure 5.7a 

and Figure 5.7b. The differences are mainly located in central China, and related 

to the bias between the DT and DB algorithms (Figure 5.9). Similar spatial 

distribution of correlation among DT TERRA AOT, DT AQUA AOT and MISR 

observation is shown in Figure 5.7. This indicates that uncertainties in DB MODIS 

AOT also contribute the representativeness of seasonal ground visibility for AOT. 
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The correlation between different types of AOT products and visibility in clear-

sky is shown in Figure 5.8. Comparing Figure 5.7 with Figure 5.8, the influence 

of clouds on the correlation between AOT and visibility is mainly found in the 

south China.  

The correlation between visibility and satellite AOT is tied to the spatial 

distribution of correlation between surface reflectance and DB surface reflectance 

(Figure 5.10). Negative correlation between surface reflectance and DB surface 

reflectance can be observed in the Sichuan basin, south-central China, and 

northwest China region. Some significant influences on the aerosol retrievals may 

be observed in these regions. However, no causal correlation is observed. 

 

Figure 5.7 The correlation between multi-year average monthly AOT and all-sky 
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visibility. (a) DT AQUA AOT, (b) DB AQUA AOT, (c) DT TERRA AOT, (d) DB 

TERRA AOT, and (e) MISR AOT. 

 

Figure 5.8 Same as Figure 5.7 but for clear-sky visibility. 
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Figure 5.9 Correlation of multi-year mean monthly AOT for each station between 

(a) DT AQUA AOT and DB AQUA AOT, (b) DT TERRA AOT and DB TERRA 

AOT, (c) DT AQUA AOT and MISR AOT, and (d) DT TERRA AOT and MISR 

AOT. 
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Figure 5.10 Correlation between multi-year mean monthly DT surface 

reflectance and multi-year mean monthly DB surface reflectance at 0.66 um from 

AQUA. 

In order to analyze seasonal differences, the data were divided into four 

groups according to the correlation of monthly mean AOT and visibility (Figure 

5.7a). Highly negative correlations of AOT and visibility are shown in coastal 

regions and over the northwestern China. High positive correlations are found in 

the Yangtze River Basin. Multi-year average monthly cycles for four groups of 

data are shown in Figure 5.11a. For the correlation between -1 and -0.5, AOT 

exhibits high values from March to May, and lower values occur during the rest of 

the year. Visibility reaches its maximum in October, while the lowest value is 

found in March. The seasonal variability for visibility and AOT are thus inversely 

correlated. Similar variation of visibility is shown in Groups 2 and 3. High 

visibility values occurs in July. The peaks of AOT occur in April and June for 

Group 2 and only one peak occurs in June for Group 3. AOT and visibility show 

similar variation in Group 4, with high values from April to August. In general, 

high visibility indicates less aerosol loadings. However, our results indicate that 

high visibility may correspond with high AOT for seasonal average values. This 

may be caused by variation of aerosol vertical distributions, clouds, and 

hygroscopic aerosol growth. 

The relationships between AOT and clear-sky visibility were also analyzed. 

There are some differences between all-sky (Figure 5.11a) and clear-sky (cloud 

fraction=0) conditions (Figure 5.11b). In the first group, there are two peaks for 

visibility in clear sky conditions. The visibility peaks occur in May in the Group 

2. For the Group 3, the visibility in clear-sky condition is much higher than that in 

the all-sky condition. Few differences were observed in the last group. Thus, this 

implies that clouds contribute to the relationship between visibility and AOT. 
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However, due to the lack of aerosol information under cloud, the impact of clouds 

on the correlation introduces many uncertainties.  

 

Figure 5.11 Comparison between multi-year average monthly AOT and visibility 

(a) in all sky and (b) in clear sky for different groups. 

5.4 The impact of aerosol vertical distribution 

Seasonal spatial distribution of near-surface AOT (e.g. below 500 m) 

hereafter AOTlow and columnar AOT from LIVAS were mapped in Figure 5.12 and 

Figure 5.13 respectively. High AOTlow is distributed in different regions in 

different seasons. In spring, the high AOTlow is concentrated in the central China. 

The NCP region has high AOT in summer. High surface aerosol loadings were 

observed in the southwestern China in autumn. In winter, high AOTlow exists in 

several regions, such as the PRD and YRD. The seasonal spatial distributions of 
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high columnar AOT are similar with AOTlow. The proportions of AOTlow e.g. 

AOTlow /total column AOT are shown in Figure 5.14, which indicates that AOTlow 

contributes a high proportion in winter and autumn. The variations of proportion 

of AOTlow should be examined and as it has great impact on the relationship of 

visibility and columnar AOT.  

 

Figure 5.12 Near-surface AOT from LIVAS data (a) in spring, (b) in summer, (c) 

in autumn, and (d) in winter. 
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Figure 5.13 Columnar AOT from LIVAS data (a) in spring, (b) in summer, (c) in 

autumn, and (d) in winter. 

 

Figure 5.14 The proportion of near-surface AOT (a) in spring, (b) in summer, (c) 

in autumn, and (d) in winter. 

Figure 5.15 shows the variations of AOTlow and visibility for both clear sky 
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and all sky data. Multi-year seasonal data were used to analyze the variations 

between AOTlow and visibility. These data were divided into four groups using the 

correlation coefficients. Comparing with Figure 5.11, Figure 5.15 shows 

significant negative relationships between visibility and AOTlow.  

 

Figure 5.15 Comparison between multi-year average seasonal near-surface AOT 

and monthly visibility (a) in all sky and (b) in clear sky for different groups. 

5.5 Validation of inferred AOT from surface visibility and aerosol extinction 

profile with MODIS AOT 

The scatter plots between MODIS AOT and inferred AOT are shown in 

Figure 5.16. The correlation between monthly inferred AOT and MODIS AOT 
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exceeds 0.59. The Root Mean Squared Error (RMSE) of monthly inferred AOT 

from visibility is within 0.237 relative to TERRA. The linear regression slope is 

0.429, with positive intercept at 0.260. At AQUA overpass time, the RMSE is 

about 0.237 and the regression slope and intercept are 0.374 and 0.270 respectively. 

For the annual mean AOT, the correlations between MODIS AOT and inferred 

AOT reach 0.859 and 0.829 for TERRA and AQUA respectively. The RMSE in 

annual mean inferred AOT relative to the MODIS measurements is about 0.124 

and 0.127 at TERRA and AQUA overpass time respectively. Figure 5.16 indicates 

that annual AOT values are better captured using visibility and aerosol vertical 

distribution than monthly AOT for both TERRA and AQUA overpass time. Poor 

monthly results may be caused by the seasonal aerosol vertical distribution, and 

this is the limitation of the LIVAS data. 

 

Figure 5.16 Collocated comparison of inferred AOT from visibility with (a) 
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TERRA monthly AOT, (b) TERRA annual AOT, (c) AQUA monthly AOT, and 

(d) AQUA annual AOT. 

Figure 5.17 and Figure 5.18 compare the spatial distributions of average AOT 

from TERRA and AQUA with visibility-inferred AOT. Figure 5.17b and Figure 

5.18b capture the general spatial pattern of TERRA/AQUA AOT very well. As 

shown in Figure 5.17a and Figure 5.18a, the TERRA AOT exceeds 0.4 at many 

stations over central and eastern China, especially in North China Plain (NCP), 

Sichuan Basin (SB), Pearl River Delta (PRD), and Yangtze River Delta (YRD). 

The high AOT is mainly due to the large emissions of anthropogenic aerosols in 

these areas (Zhang et al., 2009). Near-surface AOT can be found in northwest 

China and these regions are mainly with low anthropogenic emissions and less 

developed economies. Figure 5.17c and Figure 5.18c are the differences between 

Figure 5.17a and Figure 5.17b, and Figure 5.18a and Figure 5.18b respectively. 

The results in Figure 5.17c and Figure 5.18c indicate that stations with relatively 

high AOT values in those regions are underestimated. 
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Figure 5.17 The multi-year spatial distribution of average (a) MODIS AOT, (b) 

inferred AOT and (c) the difference over all stations at TERRA overpass time. 
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Figure 5.18 The multi-year spatial distribution of (a) MODIS AOT, (b) inferred 

AOT and (c) the difference over all stations at AQUA overpass time. 



Results and discussion 

72 

 

Figure 5.19 shows the multi-year seasonal variations of MODIS AOT and 

corresponding inferred AOT datasets. AOT peaks in September with the minimum 

value in March for MODIS AOT. The maximum inferred AOT is also shown in 

autumn. However, the minimum value for inferred AOT is shown in June. Similar 

variations are shown for MODIS AOT and inferred AOT at both TERRA and 

AQUA overpass time. The correlation between inferred AOT and MODIS AOT 

exceeds 0.67. A large bias is shown in summertime. 

 

Figure 5.19 Seasonal variations of MODIS AOT and inferred AOT from 

visibility. 

5.6 Singular Value Decomposition (SVD) analysis between MODIS 

measurements and AOT from visibility and aerosol vertical extinction 

profile 

To investigate the spatial-temporal consistency of the inferred AOT from 

visibility and MODIS measurement, SVD method was adopted. The method was 

firstly applied to the full set of monthly MODIS measurements and inferred AOT. 

The first four modes can explain 97.35% (68.49%, 25.01%, 2.84%, and 1.01%) of 

the total variance. The first two modes present a seasonal cycle. Large signal 

variation is displayed in the northwestern China and southeastern coast. This 



Results and discussion 

73 

 

indicates that the AOT in these two regions peaks in spring. The Principal 

Components (PCs) of the second mode show the maximum value in summer and 

the minimum AOT in winter, and the correlation coefficient is larger than 0.91. 

The maximum AOT in these two regions is influenced by the emissions of biomass 

burning (Tao et al., 2013). The corresponding spatial patterns show large variations 

in the NCP and southwest China. According to the PCs of the third mode, the third 

mode mainly reflects the semi-annual variability of AOT. Mode 4 illustrates the 

inter-annual variability in south China and the correlation coefficient between PCs 

of inferred AOT and MODIS AOT is about 0.77. SVD was also used to separate 

the deseasonalized (remove the multi-year average monthly AOT) data sets. The 

first three modes explain bulk (33.79%, 19.44%, and 11.78%) of the variances. 

Therefore, only three modes are shown in Figure 5.21. In the first mode, spatial 

patterns from inferred AOT and MODIS AOT show large variations in eastern 

China. Strong signal variations are shown in Figure 5.21 over Inner Mongolia, 

Gansu, Ningxia, Sichuan Basin (SB), southeast coast. In the third mode, a strong 

positive signal is shown in north China, while the negative signal is displayed in 

the south coast. The correlation coefficients between PCs from inferred AOT and 

MODIS measurements are 0.834, 0.809, and 0.783 for the first, second and third 

mode respectively. Analysis from SVD demonstrates that inferred AOT and 

MODIS observations have similar seasonal and inter-annual variations. 
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Figure 5.20 The first four spatial patterns and Principal Components (PCs) of 

monthly inferred AOT and MODIS measurements. 
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Figure 5.21 The first three spatial patterns (left column) and Principal 

Components (PCs) (right column) of deseasonalized inferred AOT and MODIS 

measurements. 

5.7 AOT characteristics of the past 42 years from surface visibility and aerosol 

extinction profile 

Figure 5.22 shows the average AOT values during 1973 to 2014 over all 

stations. To better infer the past 42 years AOT data, the linear relationship between 

MODIS AOT and inferred AOT from 2002 to 2014 was derived. The linear 

equation was applied to the inferred AOT to obtain the results during the past 42-

year study period. The result shows a similar trend to Wu et al. (2014) and Qin et 

al. (2010). A lasting increase trend can be found between 1973 and 2007 in Figure 

5.22. Distinct increase trend is shown between 1973 and 1979 and slightly 
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decreasing trend is found from 1980 to 1987 and from 2007 to 2013. 

 

Figure 5.22 Variation of annually average inferred AOT and MODIS AOT during 

1973 to 2014 at a) TERRA overpass time and b) AQUA overpass time. 

In order to analyze the AOT variations in details, six regions were selected 

(Figure 5.23): 1. North China Plain (NCP), 2. Yangtze River Delta (YRD), 3. 

Central China, 4. Sichuan Basin (SB), 5. Southwest China, and 6. Pearl River Delta 

(PRD). Increasing AOT trends are found in all regions, except in SB. High AOT 

in SB region is related to the typical basin terrain and rapid urbanization (Chen et 

al., 2014a). The figure indicates that different variations of AOT trend are shown 

before and after 1980. In NCP, YRD, central China, and PRD, rapid growth of 

AOT is shown between 1973 and 1980. After 1980, the increasing rate of AOT is 

slowed and the AOT in the SB region decreases a lot. The AOT decreases over 

southwest China after about 2007 due to the implementation of fuel gas 

desulphurization over China (Klimont et al., 2013). Lowest AOT is found in the 

southwestern China and the highest average AOT is observed in YRD region, the 

AOT in SB region is higher than the values in other regions before 1990. 
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Figure 5.23 Region domains defined in this paper. (1) North China Plain (NCP), 

(2) Yangtze River Delta (YRD), (3) central China, (4) Sichuan Basin (SB), (5) 

southwest China, and (6) Pearl River Delta (PRD). 

 

Figure 5.24 Annual average inferred AOT (dot) and MODIS AOT (triangle) in 

different regions. 
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5.8 Validation of inferred AOT from KM-Elterman method with MODIS 

AOT 

The KM-Elterman retrieved AOT was validated using MODIS AOT from 

2002 to 2010. In Figure 5.25, blue line represents 1:1 line, and red line is the 

regression line. The correlation coefficient between monthly inferred AOT and 

measurements researches at 0.715 (N=20941) and root mean square error is 0.207. 

The scatter plot indicates that visibility failed to retrieve the AOT exceeded 1. 

Figure 5.25b shows the performance of annual inferred AOT. The slope of the 

regression of inferred AOT and MODIS product almost coincides with the one to 

one line and the RMSE is less than 0.077. The result indicates that good results are 

obtained when the monthly AOT is less than 1. Promising annual AOT are 

obtained using the method. Therefore, annual inferred AOT was used to analyze 

variations of AOT from 1973 to 2014. In order to compare the algorithm to 

previous methods, AOT from visibility was also calculated using Elterman (Figure 

5.26), Qiu (Figure 5.27), and M-Elterman (Figure 5.28) algorithms. Correlation 

coefficients between monthly inferred AOT and MODIS measurements are 0.572, 

0.591, and 0.694 for Elterman method, Qiu method, and M-Elterman method 

respectively. Annual mean data show better performance than the monthly AOT in 

correlation coefficient (0.776 for Elterman method, 0.751 for Qiu method, and 

0.92 for M-Elterman method). Only RMSE in M-Elterman method is lower than 

0.09. Compared to these methods, KM-Elterman method can retrieve AOT with 

higher accuracy and reliability over China. To further validate the inferred AOT, 

spatial distribution of uncertainty between average inferred AOT from 2003 to 

2012 and average measured AOT was displayed in Figure 5.29a. Figure 5.29b 

shows the frequency bar for each station. According to Figure 5.29b, the 

uncertainty of inferred AOT in more than 80 percentage of stations is smaller than 

0.05. Compared to the measurements from MODIS, derived AOT from visibility 

over the Tibetan Plateau region and southeast coast is underestimated.  
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Figure 5.25 Collocated comparison of (a) monthly and (b) annual inferred AOT 

from KM-Elterman method and MODIS AOT over China. 

 

Figure 5.26 Same as Figure 5.25, but using Elterman method. 

 

Figure 5.27 Same as Figure 5.25, but using Qiu method. 
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Figure 5.28 Same as Figure 5.25, but using M-Elterman method. 

 

Figure 5.29 Spatial distribution and frequency bar of uncertainty between 

average inferred AOT during 2003-2012 and average measured AOT. 

5.9 Singular Value Decomposition (SVD) analysis between MODIS 

measurements and inferred AOT from KM-Elterman 

SVD method was also used to evaluate the spatial-temporal variability of the 

inferred AOT over China from July, 2002 to December, 2014. The first four modes 

of AOT data from monthly AQUA and inferred AOT can explain most of total 

variances (48.09%, 35.34%, 6.66%, 2.96% for mode 1, 2, 3, 4, respectively). In 

the first mode, the correlation between PCs is above 0.85 for MODIS and inferred 

AOT. The PCs of the first mode illustrate the annual variability with the maximum 

AOT in the summer and minimum AOT in winter. The associated spatial pattern 
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shows strong variability in the North China Plain (NCP) and southwest China. 

Therefore, the PCs of the first mode mainly represent the seasonal variability in 

these two regions. Similar seasonal AOT variations were also found in (Che et al., 

2015) using the ground-based sun photometer. Luo et al. (2014b) stated that 

seasonal characteristics were influenced by Asian summer monsoons. PCs of the 

second mode also showed annual variability. For the spatial patterns, both inferred 

AOT and MODIS data show strong signals in southeast coast and northwest China. 

High AOT in spring over northwest China is impacted by the dust events (Che et 

al., 2015). Mode 3 shows the semi-annual cycle over part of the NCP region, 

northwest China. Mode 4 captures the inter-annual variability over China. The 

correlation between PCs in modes 3 and 4 is above 0.76. In the fourth mode, strong 

negative signal occurs in southern China. This indicates that the corresponding 

PCs reflect inter-annual variability in the southern China.  
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Figure 5.30 First four spatial patterns and Principal Components (PCs) of 

monthly inferred AOT and MODIS measurements. 

Deseasonalized datasets were also used to investigate the inter-annual 

variability. Multi-year average monthly data were removed from the inferred AOT 

and MODIS data. The first three modes can capture the 31.63%, 16.45%, and 

12.08% of the total variance respectively. All PCs of three modes show good 

correlations (>0.72) between inferred AOT and MODIS AOT. The first mode 



Results and discussion 

83 

 

represents the inter-annual variability over the eastern China. MODIS and inferred 

AOT from visibility can capture the general characteristics of spatial distribution 

of AOT. In the second mode, spatial patterns show large variability in Inner 

Mongolia, Gansu, Ningxia, Sichuan Basin (SB), southeast coast. Combining with 

PCs of the second mode, decreasing AOT trends are found in these three regions. 

The decreasing trends over regions of Inner Mongolia, Gansu, Ningxia are 

influenced by the declining trend of dust storm frequency (Zhang et al., 2006). The 

decreasing AOT trends in SB and southeast coast are caused by the fuel-gas 

desulfurization facilities in China after 2007 (Klimont et al., 2013).  

 

Figure 5.31 First three spatial patterns and Principal Components (PCs) of 

deseasonalized inferred AOT and MODIS measurements. 
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5.10 AOT characteristics of the past 42 years from KM-Elterman algorithm 

The spatial distribution of AOT was investigated for several periods of 8-10 

years from 1973 to 2014 (Figure 5.32). The mean AOT for four decades is 0.388, 

0.396, 0.403, 0.411, and 0.414, respectively. There are 32.04% (83/259) of stations 

where the mean AOT during 1973-1980 is greater than 0.5. Most of these stations 

are distributed in the populated regions, such as North China Plain (NCP), Pearl 

River Delta (PRD), Sichuan Basin (SB), and central China. Number of stations 

which the AOT exceeds 0.5 is 88 during 1981-1988. There are 93, 95 and 97 

stations where mean visibility-based AOT is greater than 0.5 during 1989-1996, 

1997-2004, and 2005-2014 respectively. In the first period, increasing AOT trends 

are found in 201 stations. Relative insignificant variations of AOT are shown in 

the northeast, northwest and southwest China since the second period. Large 

variations of AOT are mainly located at NCP, YRD, PRD, and central China in the 

last three periods. The number of stations is larger than those with decreasing 

trends during all study periods. The AOT in some stations over southern China 

decrease during 2005-2014. The results in this study are consistent with the 

findings from Zhang et al. (2016b). The decreasing AOT trends in some stations 

are related to the implementation of fuel gas desulphurization in China (Klimont 

et al., 2016). According to the third mode, strong reversed signals are shown in the 

northeastern China and southern coast.  
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Figure 5.32 Spatial distribution of average inferred AOT during 1973-1980, 

1981-1988, 1989-1996, 1997-2004, and 2005-2014. 
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Figure 5.33 Variations of inferred AOT during 1973-1980, 1981-1988, 1989-

1996, 1997-2004, and 2005-2014 for all stations. 
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Six regions were selected in Figure 5.23 to investigate the regional variations 

of AOT during 1973-2014, including North China Plain (NCP), Yangtze River 

Delta (YRD), central China, Sichuan Basin (SB), southwest China, and Pearl River 

Delta (PRD). According to Figure 5.34, rapidly growth of AOT dominates before 

1980 over these regions, except for southwest China. After 1980, increasing AOT 

trends from 1981 to 2014 is found in the NCP, YRD, central China, and PRD, 

except SB. During this period, maximum aerosol loadings are located at SB, which 

is related to the special geographical location that is easy for accumulation of 

pollutants (Li et al., 2003). There is no notable increasing and decreasing trends in 

southwest China. Stations over YRD have persistent trends over the study period. 

AOT in SB has been decreasing after 1980 until the last period and continue 

decreasing trends also occurs over the PRD during the last two periods. AOTs in 

YRD are higher than all other regions from 1991, while average AOT in the central 

China and SB is the second and third highest. 

 

Figure 5.34 Annual inferred AOT from 1973 to 2014 in the selected regions. 
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Table 5.1 AOT trends (/decade) over North China Plain (NCP), Yangtze River 

Delta (YRD), central China, Sichuan Basin (SB), southwest China, and Pearl 

River Delta (PRD) during five time periods. 

Regions 1973-

1980 

1981-1988 1989-1996 1997-2004 2005-2014 

NCP 0.66

3  

0.209  -0.342  0.169  0.301  

YRD 0.59

8  

0.033  0.085  0.148  1.069  

Central 

China 

0.50

9  

-0.135  0.322  0.253  0.049  

SB 0.71

1  

-0.198  -0.079  -0.127  0.056  

Southwes

t China 

0.06

5  

0.052  0.126  -0.016  0.0000

4  

PRD 0.38

7  

0.246  0.413  -0.069  -0.332  

5.11 Comparison of spatial interpolations of AOT with MODIS AOT 

In this paper, five selected methods were applied to the monthly AOT in 2014. 

The interpolation results were compared with the corresponding MODIS products. 

The spatial resolution for both interpolation outputs and MODIS data is at 1o×1o. 

Figure 5.35 displays the monthly AOT in 2014 over China. High aerosol loadings 

are mainly located in densely populated regions, such as NCP, PRD and YRD. 
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Highest aerosol loadings occur in June. The high AOT exceeded 1 is mainly 

distributed in the eastern China. This may be caused by the crop biomass burning 

during the summertime (Tao et al., 2013). According to Liu et al. (2016b), high 

AOT in January and February is mainly due to the stable weather. Near-surface 

AOT is found in the northwest China and west China during the study period. In 

March, April, and May, relatively high AOT can be observed in the dust transport 

way. Luo et al. (2014a) also observed heavy dust aerosols in spring and early 

summer. 

 

Figure 5.35 MODIS monthly average AOT at 550 nm from January to December 

in 2014. 

Figure 5.36 shows the scatter plots between interpolation results from IDW 

and MODIS measurements. The IDW output in January shows best agreement 

with MODIS AOT. The correlation coefficient is 0.957 and RMSE is 0.081. The 

minimum correlation coefficient is 0.77 in May and the corresponding RMSE 

reaches 0.162. IDW output is inappropriate since the isolated station may influence 

at all directions, and clustered neighboring points have a large impact on the point 

weighting (Luo et al., 2008).  
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Figure 5.36 Scatter plots of interpolation outputs from the IDW interpolation 

method as a function of MODIS AOT during the study period. 

Figure 5.37 displays the BS interpolation results with MODIS measurements 

over China. The maximum and minimum correlation coefficients are shown in 

January and May, respectively. The smallest RMSE is found in November and this 

is caused by the smallest mean value in this month. The mean interpolation value 

is smaller than the MODIS AOT in January, October, December, and November, 

while in other months the interpolation data is higher than the measured AOT.  



Results and discussion 

91 

 

 

Figure 5.37 Scatter plots of interpolation outputs from BS interpolation method 

as a function of MODIS AOT during the study period. 

Figure 5.38 shows the comparison between interpolation outputs from spatial 

boundary method and MODIS AOT. The performance is not as good as the results 

of IDW and BS interpolations. The method performs best in January and worst in 

March. The correlation coefficient is lower than 0.8 in five months. The 

performance of the method shows poor results among all interpolation methods. 

Mishra et al. (2016) obtained good daytime AOT products using AERONET on 

finer temporal resolution. This indicates that the method performs well with sparse 

stations.  
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Figure 5.38 Scatter plots of interpolation outputs from spatial boundary method 

as a function of MODIS AOT during the study period. 

The comparison between DIVA interpolation and MODIS AOT is shown in 

Figure 5.39. The method shows better results than IDW, BS, and spatial boundary 

methods. Correlation coefficients for all methods exceeds 0.839 and there are four 

months that the RMSE is smaller than 0.1. In January, the interpolation output 

agrees well with the MODIS AOT, with 0.949 for coefficient and 0.09 for RMSE.   
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Figure 5.39 Scatter plots of interpolation outputs from the DIVA interpolation 

method as a function of MODIS AOT during the study period. 

Figure 5.40 shows the performance of DINEOF interpolation method. 

DINEOF method takes into account the previous datasets. MODIS AOT during 

2002-2013 is as the input data. The best performance is also shown in January. The 

best performance for all interpolations method is shown in this month. The worst 

performance for DINEOF is shown in November and only two months have the 

correlation coefficient that is lower than 0.9. 
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Figure 5.40 Scatter plots of interpolation outputs from the DINEOF interpolation 

method as a function of MODIS AOT during the study period. 

Table 5.2 Correlation coefficients between monthly interpolation results and 

MODIS AOT. 

Interpolation methods IDW BS Spatial boundary DIVA  DINEOF  

Jan 0.957 0.951 0.846 0.949 0.967 

Feb 0.904 0.898 0.772 0.883 0.913 

Mar 0.866 0.878 0.763 0.899 0.92 

Apr 0.805 0.824 0.787 0.881 0.905 

May 0.77 0.789 0.772 0.839 0.915 

June 0.92 0.923 0.84 0.925 0.908 

Jul 0.858 0.826 0.823 0.911 0.9 
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Aug 0.863 0.873 0.844 0.912 0.952 

Sep 0.901 0.863 0.814 0.904 0.903 

Oct 0.846 0.892 0.821 0.91 0.944 

Nov 0.856 0.834 0.778 0.842 0.886 

Dec 0.849 0.837 0.808 0.874 0.854 

5.12 Combined Principal Component Analysis (CPCA) among five 

interpolation results 

To evaluate the spatial-temporal variability of the AOT from all five 

interpolation methods, Combined Principal Component Analysis (CPCA) was 

used. Figure 5.41 illustrates the variance explained by each mode. The first five 

modes explain more than 89.8% of the total variance (Figure 5.41). Therefore, the 

first five spatial patterns and PCs were analyzed in this study (Figure 5.42). Large 

spatial variation in the first mode is shown in southern China and northwestern 

China. According to the corresponding PC, the first mode represents variations of 

monthly mean AOT over these two regions. There are two AOT peaks (April and 

June) in southern China and northwestern China. In this mode, variation from BS, 

IDW, and DIVA over the northeastern China is smaller than those from MODIS 

measurements. In the second mode, large positive variation is found in North 

China Plain (NCP), while inverse variation is shown in the southern coastal areas. 

Corresponding PC indicates that AOT peaks in February and July over NCP. In 

general, all interpolation methods can capture the spatial characteristics of AOT in 

the second mode. The third mode can explain 8.22% of the total variance. This is 

clearly seen that strong negative signal is shown in the Yangtze River basin and 

strong positive signal can be found in the northeastern China. The variation in this 

mode may be related to the Meiyu period in this region (Luo et al., 2014b). 
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According to the spatial pattern of the fourth mode, the variation of interpolation 

methods is smoother than the result from DINEOF and MODIS. In the fifth mode, 

the large positive signal is shown in northwest China. The variation is caused by 

the dust activities in early summer (Song et al., 2016). The result from CPCA 

method indicates that all interpolation outputs show consistent spatial and 

temporal variability with MODIS data. 

 

Figure 5.41 Variances explained by the first 50 modes of CPCA analysis of 

interpolation outputs and MODIS measurements. 
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Figure 5.42 The spatial patterns and (Principle Components) PCs of first five 

CPCA modes from (a) IDW interpolation method outputs, (b) BS interpolation 

method outputs, (c) spatial boundary method outputs, (d) DIVA interpolation 

method outputs, (e) DINEOF interpolation method outputs, and (f) MODIS AOT. 

5.13 Spatial distribution of long-term AOT 

According to the results in Sections 5.11 and 5.12, the DINEOF interpolation 

was used to obtain the spatial distribution of AOT from visibility-based AOT. The 

AOT values were retrieved from surface visibility at ground stations using KM-

Elterman method. Figure 5.43 shows the map and scatter plot of average MODIS 

AOT and DINEOF result during 2002-2014. The figure indicates that the DINEOF 

could reveal the general characteristics of spatial distribution of AOT. However, 

the AOT in the western China is underestimated because there is no visibility 

station in that region. The AOT in severe pollution region is also underestimated, 

such as NCP and PRD region. The correlation between MODIS AOT and DINEOF 

interpolation reaches 0.943 and the RMSE is lower than 0.1. Therefore, the 

DINEOF can be used to derive 42-year AOT images.  
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Figure 5.43 (a) Map of multi-year averaged AQUA AOT. (b) Map of multi-year 

averaged DINEOF interpolation result. (c) Scatter plots of interpolation outputs 
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from the DIVA interpolation method as a function of MODIS AOT. 

5.14 Evaluation of urbanization impact on PM2.5 simulations, a case study on 

23-31 Dec, 2016 

In order to analyze the effect of urbanization on PM2.5 simulations by WRF-

Chem, United States Geological Survey (USGS) and new USGS land-use and land 

cover types were used. USGS data were derived based on 1992-1993 Advanced 

Very High Resolution Radiometer data at 1 km resolution. USGS data classify 

land-use data into 24 categories. MODIS data were produced using 500 m MODIS 

land-use data for the year 2004. MODIS-based data contain 21 categories. In this 

study, the new USGS land-use data was produced by updating the urban area with 

urban and built-up region from MODIS-based data. Figure 5.44 shows the USGS 

land-use type and MODIS land-use data over China. The urban area is very small 

during 1992-1993. In 2004, the urban land in mainland of China is mainly 

distributed along NCP, YRD and PRD region. The result indicates that rapid urban 

expansion occurs over eastern China region from 1992 to 2004. Three regions were 

selected for the case study: NCP (latitude: 38.5o~41.5 o, longitude: 113.5 o ~122.5 

o), YRD (latitude: 21.5 o ~24 o, longitude: 111.5 o ~115 o), and PRD (latitude: 28 o 

~32.5 o, longitude: 103.5 o ~110 o). Inputs in the chemical transport model are all 

same, except the land-use data. 
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Figure 5.44 (a) urban area in USGS data. (b) Urban area in MODIS data. 

Time series of PM2.5 concentrations at the surface layer during the study 

period are shown in Figure 5.45 over NCP region. According to the land-use data 

from MODIS and USGS data, three groups are divided: 1. urban land cover in both 

USGS and new USGS data, 2. rural land cover in both USGS and new USGS data, 

and 3. rural land cover in USGS data and changed to urban land cover in new 

USGS data. The figure compares the observed and simulated PM2.5 concentrations 

over these three land covers. The dots represent the observed PM2.5 concentrations 

and lines are the simulated PM2.5 concentrations. In general, model simulation 

based on the new USGS land-use data captures the hourly variations of observed 

PM2.5 concentrations over NCP and YRD regions. In PRD, the simulation shows 

large difference. This indicates that the emission in PRD has a large variation 

between January, 2012 and January, 2013. The emission used in this paper was 

produced for 2012. NCP and YRD regions were used to analyze the effect of 

urbanization on PM2.5 concentrations. 
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Figure 5.45 Time series of observed and modeled hourly concentrations of PM2.5 

from December 23-30, 2016 over (a) NCP, (b) YRD, and (c) PRD. 

 Figure 5.46 shows the time series of simulated PM2.5 concentration based on 

new USGS and USGS land-use data over NCP and YRD. Maximum PM2.5 

concentration is shown in urban areas, while the minimum value is observed in the 

rural region. The difference between simulations based on USGS and new USGS 

land-use data is insignificant. In order to analyze the differences in details, the 

multi-day average hourly PM2.5 concentrations based USGS and MODIS land-use 

data are shown in Figure 5.47. Minimum PM2.5 concentration is shown at about 

7:00 local time over NCP and PRD region. However, PM2.5 in rural over NCP 

region reaches the minimum value at 6:00. For urban region over NCP, the PM2.5 

concentrations from USGS data are higher than those from new USGS data from 

21:00 to 3:00. After 3:00, the concentration from USGS data is lower than that 
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from new USGS data until about 5:30. Similar variation of PM2.5 concentrations 

can be found in the rural-urban region. The PM2.5 concentrations from USGS land-

use data are higher than that from new USGS data between about 5:30 to 16:00 in 

urban and rural-urban region over NCP. The daily concentration of PM2.5 based on 

USGS data is higher than the data based on new USGS data in rural region. For 

YRD, the concentration from USGS is also higher than the data from new USGS 

from 5:00. Little difference from 5:00 to 8:00 is shown in Figure 5.47. In the urban 

region, lower PM2.5 concentration based USGS data can be found after about 18:00. 

 

Figure 5.46 Time series of modeled hourly PM2.5 concentrations based on USGS 

and MODIS land-use data from December 23-30, 2016 over (a) NCP and (b) 

YRD. 

 

Figure 5.47 Multi-day average hourly PM2.5 concentrations based USGS and 
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MODIS land-use data over (a) NCP and (b) PRD. (Balck, bule, and red line 

represent the simulated PM2.5 based on new USGS data for Group 1, Group 2, 

and Group 3, respectively. Balck, bule, and red dotted line represent the 

simulated PM2.5 based on new USGS data for Group 1, Group 2, and Group 3, 

respectively.) 

 Figure 5.48 shows the differences of PM2.5 concentrations based on new 

USGS land-use data and USGS data. Large variations of PM2.5 concentrations are 

shown around urban regions. Negative values are shown around most of the urban 

regions. Only small regions show positive results, which indicates that the surface 

PM2.5 concentrations in city scale decrease due to urbanization. Figure 5.49 shows 

the differences of some weather variables, such as Planetary Boundary Layer 

Height (PBLH), temperature at 2 m, and wind speed at 10 m. The PBLH is 

significantly enhanced by urban expansion in most regions. PBLH increases 100 

m in Beijing and Guangzhou city. The temperature decreases in the Beijing region, 

while the 2-m temperature increases in Guangzhou. Regions with decreasing in 

wind speed is consistent with the urban area. The analysis indicates that 

urbanization modifies the spatial distribution of PBLH, wind speed, and 

temperature. These weather variables can influence the spatial distribution of 

PM2.5 concentrations.  
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Figure 5.48 Differences of PM2.5 concentration based new USGS land-use data 

and USGS land-use data. 
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Figure 5.49 The differences of weather variables based new USGS and USGS 

land-use data. (a) PBLH, (b) temperature at 2 m, and (c) wind speed at 10 m.
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CHAPTER 6.  

LIMITATION 

In this research, the performance of visibility for analyzing the variability of 

AOT was evaluated and two new algorithms were developed to retrieve AOT. 

However, there are some limitations in the simplified and KM-Elterman 

algorithms. The MODIS data were used as the reference to calculate new 

parameters in these algorithms. In addition, this study implicitly assumed the 

accuracy and reliability of MODIS AOT in the first place. However, MODIS 

datasets still have some uncertainties (Zhang and Reid, 2009; Zhang et al., 2016b). 

It is suggested that in high AOT episodes, hygroscopic growth and severe haze 

development become significant and the retrieval algorithms may remove and 

mask them from the aerosol data as deemed as cloud flags (Li et al., 2009a; Zhang 

et al., 2016b). Considering that uncertainties exist in MODIS data, more accurate 

AOT data should be used and applied to these two algorithms in the future work. 

The combined Dark-Target (DT) AOT and Deep-Blue (DB) AOT product from 

MODIS were also used to analyze the representativeness of visibility. Due to 

uncertainty in the DB AOT, this may also influence the relationship between 

visibility and AOT. However, the influence of the DB AOT on the correlation of 

seasonal variations between MODIS AOT and visibility appeared to be 

insignificant. 

Surface visibility data were measured using visibility meters as well as by 

professional observers. These two different types of data have different biases. The 

error of visibility measured by visibility meter is within ±10~20% (WMO, 1996). 

The uncertainty of visibility observed by a human varies with the person. It is thus 

difficult to evaluate the bias of manual observations quantitatively. According to 

this research, surface visibility at all stations can show the inter-annual variability 
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of AOT very well. However, as different sets of new parameters were retrieved for 

each station, the differences among each station by observation methods were not 

accounted. This study suggested that the annual observation has more significant 

variation in long-term trend analysis than episodic events; and aerosol loadings in 

China were not always influenced by strong episodic events, such as volcanic 

eruption. 

In order to evaluate the representativeness of visibility for analyzing AOT, 

linear interpolation was applied to fill data gaps. This interpolation method may 

induce some biases in the analysis between visibility and AOT. According to 

Zhang et al. (2016b) and Li et al. (2013), the interpolation method may not have a 

strong influence on the regional analysis of AOT, especially when the percentage 

of missing data is less than 10%. This study adopted the SVD method, which can 

separate the domain modes. Since only the first two modes were investigated, the 

biases caused by the interpolation method can be ignored.  

In the first algorithm for retrieving AOT, the multi-year seasonal aerosol 

extinction profiles from LIVAS were used during the study period. A stable inter-

annual aerosol extinction profile was assumed. Boundary layer height is one of the 

most important factors to evaluate the variation of aerosol profiles. Zhang et al. 

(2013) found that the variation of boundary layer height was relatively small on an 

inter-annual time scale over Europe, with an average value of 76 m decade-1. The 

inter-annual pattern of aerosol variability from 2007 to 2012 over NCP and YRD 

was investigated in this study, and only nighttime CALIPSO data were used for 

inter-annual analysis due to poor performance of layer detection during daytime. 

Annual CALIPSO extinction profiles of six major aerosol types and others are 

shown in Figure 6.1. The inter-annual variation of aerosol extinction profile is 

insignificant over NCP. Polluted dust, polluted continental aerosol and dust are 

three main aerosol types. In YRD, polluted continental aerosol is the dominant 
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type and the inter-annual variation of aerosol extinction profiles is also 

insignificant. Therefore, the assumption about aerosol extinction profile is 

acceptable. 

 

Figure 6.1 Annual extinction profile of each aerosol type over NCP and YRD 

In order to investigate the impact of urbanization on the surface aerosols over 

urban and rural areas, the USGS and MODIS land-use data were used in the WRF-

Chem model. The built-up regions from MODIS were used to update the USGS 

land-use data. The urban and built-up regions in USGS and MODIS data were 

produced in 1992 and 2004, respectively. There are some differences in land-use 

between 2004 and 2013, which have some influence on the simulation of PM2.5 

concentrations in 2013. In further work, urbanization data of 2013 should be 

considered. 
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CHAPTER 7.  

CONCLUSION 

Aerosol particles affecting the Earth's radiative budget is still one of the largest 

uncertainties in studies of climate change. However, most satellites and ground-

based sensors have been restricted in their measurements after 2000 and long-term 

AOT data (e.g. more than 40 years) is lacking. Surface visibility data have been 

widely used as an alternative for long-term aerosol trend studies (Liepert and 

Kukla, 1997; Wang et al., 2009; Li et al., 2016b). In this study, the 

representativeness of surface visibility for analyzing spatial and temporal patterns 

of Aerosol Optical Thickness (AOT) from different satellites in China was 

investigated. The Singular Value Decomposition (SVD) method was applied to 

separate the dominant and correlated modes of variability from surface visibility 

data, MODerate resolution Imaging Spectroradiometer (MODIS) and Multi-angle 

Imaging SpectroRadiometer (MISR) monthly AOT products between July 2002 

and December 2014. Both large-scale spatial and temporal variability were 

examined. Cloud information and aerosol vertical distribution from the LIdar 

climatology of Vertical Aerosol Structure for space-based lidar simulation studies 

(LIVAS) were also used to investigate the impact on the relationship between 

visibility and AOT. Results indicated that large spatial differences occurred 

seasonally between surface visibility and satellite derived AOT, while good 

agreement existed on an inter-annual scale. Insignificant correlation between 

seasonal visibility and AOT is driven by the seasonal variability of the aerosol 

vertical profile. According to the comparison between multi-year average monthly 

AOT and visibility in all-sky and clear-sky, clouds also contribute to the 

relationship between seasonal visibility and AOT. Results indicated that visibility 

can be used as a good indicator for analyzing the inter-annual variation of AOT 

values, and more factors such as clouds and near-surface AOT on a seasonal scale 
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should be considered. 

Due to the important impact of aerosol vertical distribution on the relationship 

between visibility and AOT, a simplified method was developed to infer long-term 

AOT in China using the visibility and aerosol vertical profile of LIVAS data. The 

AOT inferred from the simplified method was evaluated using MODIS 

observations. The method is easy to adopt and use, and can further be applied to 

retrieve global AOT. The analysis using SVD also indicated that the dominant 

modes of inferred AOT and MODIS observations were highly correlated both in 

spatial pattern and in time series. The first two modes show seasonal cycles. After 

removing the multi-year mean monthly AOT, a decreasing AOT trend was 

observed in Inner Mongolia, Gansu, Ningxia, Sichuan Basin, and the southeast 

coast. The correlation of seasonal variations between the inferred AOT and 

MODIS AOT exceeds 0.67.  

Although promising results are demonstrated by combining surface visibility 

and seasonal aerosol extinction profiles, there were still some limitations of the 

simplified method. Therefore, we developed the “KM-Elterman” method, which 

is an improved method based on the M-Elterman algorithm. The method was used 

to retrieve AOT from ground-based visibility and other meteorological factors. 

Parameters input to the method were calculated based on AQUA AOT data during 

2011-2014 for each station. New sets of parameters were used to retrieve AOT 

from visibility during 1973-2010 and the performance of inferred AOT data was 

evaluated against MODIS AOT between 2002 and 2010. This algorithm 

outperformed other previous methods, such as M-Elterman and Qiu methods. The 

correlations between the inferred AOT and MODIS AOT are 0.715 and 0.943 for 

monthly and annual AOT respectively. By analyzing the SVD, a good agreement 

was shown between MODIS observations and the inferred AOT. The first two 

modes of full dataset represent the seasonal AOT variability in the North China 
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Plain (NCP), southwestern China, southeast coast, and northwestern China. The 

first three modes from the deseasonalized datasets represent inter-annual variations 

of AOT. Rapid growth of AOT was observed during 1973-1980 in all regions, 

except southwestern China. Maximum AOT was also found in the SB region 

before 1988, while maximum AOT after 1988 was observed in YRD region. 

Decreasing AOT trends were observed during 1980-2014.  

In order to obtain the spatial distribution of AOT from ground-based data, 

five interpolation methods were evaluated over China, including Inverse Distance 

Weighted (IDW), Biharmonic Spline (BS), spatial boundary, Data Interpolating 

Variational Analysis (DIVA), and Data Interpolating Empirical Orthogonal 

Functions (DINEOF). DINEOF method agreed well with MODIS observations 

and outperformed all others. Combined Principal Component Analysis (CPCA) 

method was adopted to depict the spatial-temporal variability of the results from 

interpolation methods and MODIS observations. DINEOF shows the best 

performance and can be used to infer the spatial distribution of AOT during 1973-

2014 from the visibility-based AOT. This study estimated the representativeness 

of visibility for analyzing the variability of AOT, and developed methods for 

retrieving AOT. These results can further be used to investigate the influence of 

aerosols on climate change.  

The variations in surface aerosols (e.g. PM2.5) caused by urbanization was also 

evaluated using chemical transport model. The impact of urbanization on PM2.5 

was evaluated using the Weather Research and Forecasting-Chemistry (WRF-

Chem) model. USGS land-use data and the updated urban regions of USGS data 

using MODIS land-use data were input into the model. Compared to the observed 

PM2.5 concentrations, the model was able to capture the general variability of PM2.5 

concentrations in the NCP and PRD regions. The highest PM2.5 concentrations are 

shown in urban regions, while minimum values are found in rural regions. PM2.5 
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concentrations decrease in most urban region. However, the influence of 

urbanization on different regions varies with time. The variation of PM2.5 was 

found to be related to changes in weather conditions induced by the urbanization. 
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