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Abstract: Mapping the components, size, and absorbing/scattering properties of particle pollution is
of great interest in the environmental and public health fields. Although the Multi-angle Imaging
SpectroRadiometer (MISR) can detect a greater number of aerosol microphysical properties than most
other spaceborne sensors, the Angstrom exponent (AE) and single-scattering albedo (SSA) products
are not widely utilized or as robust as the aerosol optical depth (AOD) product. This study focused
on validating MISR AE and SSA data using AErosol RObotic NETwork (AERONET) data for China
from 2004 to 2014. The national mean value of the MISR data (1.08) was 0.095 lower than that of
the AERONET data. However, the MISR SSA average (0.99) was significantly higher than that of
AERONET (0.89). In this study, we developed a method to improve the AE and SSA by narrowing
the selection of MISR mixtures via the introduction of the following group thresholds obtained from
an 11-year AERONET dataset: minimum and maximum values (for the method of MISR_Imp_All)
and the top 10% and bottom 10% of the averaged values (for MISR_Imp_10%). Overall, our improved
AE values were closer to the AERONET AE values, and additional samples (MISR_Imp_All: 28.04%
and 64.72%, MISR_Imp_10%: 34.11% and 73.13%) had absolute differences of less than 0.1 and 0.3
(defined by the expected error tests, e.g., EE_0.1) compared with the original MISR product (18.46%
and 50.23%). For the SSA product, our method also improved the mean, EE_0.05, and EE_0.1 from
0.99, 16.13%, and 56.45% (MISR original product) to 0.96, 40.32%, and 70.97% (MISR_Imp_All), and
0.94, 54.84%, and 90.32% (MISR_Imp_10%), respectively.

Keywords: MISR; AE; SSA; AERONET; mixture

1. Introduction

In China, rapid development and urbanization has led to severe haze pollution. However, the haze
formation mechanism is still unclear because of the variety of precursor pollutants from natural and
anthropogenic sources. Yang et al. concluded that the fine particulate matter (PM2.5) present in most
Chinese megacities is dominated by secondary aerosols, including sulfates, nitrates, and ammonium
originating from local formation/production and regional transport [1]. Li et al. demonstrated that
the summer haze in northern China is usually caused by abundant organic matter and black carbon
emitted by agricultural biomass burning [2]. Wang et al. found that increases in spring dust in Beijing
are derived from soils and caused by construction [3]. To date, numerous epidemiological studies have
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associated China’s high levels of PM2.5 with cardiovascular diseases [4], ischemic heart diseases, lung
cancer [5], and obstructive pulmonary disease [6]. Studies have focused on the adverse health effects
caused by the total particle mass concentration, and the different toxicities related to the components,
sizes, and absorbing properties of particle pollution have also been well investigated [7]. For example,
by comparing two highly exposed groups of healthy adults in Beijing, the elemental components of
PM2.5, including Si, Al, Ca, and Ti, were shown to have effects on lung function that had not been
previously observed in analyses of particle levels alone [8]. Compared with PM2.5, an increase in the
concentration of ultrafine particles (with diameters of 0.25~0.50 µm) shows a greater correlation with
total and cardiovascular mortality [9].

The particles within the haze usually range in diameter from 0.001 µm to 10 µm and present
different absorbing/scattering characteristics. Therefore, mapping the quantitative distribution
of aerosol optical properties represents an effective strategy for apportioning the source of PM2.5

and evaluating the corresponding health effects. The aerosol optical depth (AOD) represents the
integral of the extinction coefficient along the vertical path from the surface to outer space [10].
The Angstrom exponent (AE) and single-scattering albedo (SSA) are two useful parameters for
assessing the particle size and absorbing/scattering properties of atmospheric aerosols [11], as well
as the aerosol composition [12,13]. For example, aerosol mixtures dominated by dust absorption
have monotonically increasing SSA with wavelength, whereas those dominated by black carbon
absorption have monotonically decreasing SSA spectra, providing additional information on the
composition of these aerosol mixtures [14]. The absorption Angstrom exponent (AAE) values are
near 1 for AERONET-measured aerosol columns dominated by urban-industrial aerosol, are larger for
biomass burning aerosols, and are the largest for Sahara dust aerosols [15]. Although the ground-based
AErosol RObotic NETwork (AERONET) can measure the total-column AOD, AE, and SSA, the spatial
coverage is very coarse. Satellite remote sensing is capable of filling in the gaps of ground-based
observations; for example, the Moderate Resolution Imaging SpectroRadiometer (MODIS) on board
the Terra and Aqua satellites has provided consistent and high-quality aerosol data for more than
one decade, and the retrieved AOD is within an error range of ±0.05 ± 0.15τ [16]. However, many
sensors similar to MODIS cannot capture the variability within the ground-truth particle size and
absorbing/scattering properties [17,18]. MODIS usually misidentifies the aerosol dominated by coarse
particles during dust events. As the successor to MODIS, the Visible Infrared Imaging Radiometer
Suite (VIIRS) AE has been preliminary validated and demonstrates a limited ability to retrieve size
parameters over land [19]. In addition, MODIS and VIIRS cannot provide a quantitative estimate of
the SSA with their standard aerosol products.

Since its launch in 1999, the Multi-angle Imaging SpectroRadiometer (MISR) sensor has proven
to be as powerful as MODIS for the study of long-term spatial and temporal trends of aerosol
optical properties and compositions [20,21]. MISR observes the atmosphere through effective path
lengths ranging from one to three and through scattering angles of approximately 60◦ to 160◦ in
the mid-latitudes. The unique multi-angle design of the MISR allows it to provide additional
aerosol microphysical properties, such as the AE, SSA, and aerosol components, compared with
other spaceborne sensors. This information has been shown to be highly effective in strengthening
the association between the AOD and ground level PM2.5 and its component concentrations [22,23].
Previous research has shown that AOD values obtained by the MISR and the powerful empirical
orthogonal function (EOF) retrieval algorithm are consistent with ground observations and present a
retrieval error of ±0.05 or ±0.2τ [24].

However, the MISR aerosol model also has limitations [25], and the 74 aerosol mixtures
cannot provide a description of global conditions. For example, the climatology of MISR Version
22 lacks spherical absorbing particles, as well as mixtures containing both spherical absorbing smoke
analogs and non-spherical dust [24]. Moreover, compared with the MODIS Dense Dark Vegetation
(DDV) algorithm, which defines the prior aerosol optical properties using statistics from AERONET
observations, MISR selects mixtures based on a set of chi-squared statistical tests, but does not correct
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them using prior knowledge. If many conflicting mixtures successfully pass the retrieval criteria,
aerosol-type information retrieval is usually much poorer despite the robust AOD [26]. Liu et al.
reported an approximately 20% uncertainty in MISR-retrieved aerosol microphysical properties when
distinguishing light-absorbing and non-light-absorbing aerosols [27]. Li et al. found that MISR Version
22 data could not effectively distinguish between dust and water-soluble particles in the Chinese
Taklimakan Desert and can lead to a low proportion of dust AOD [26].

The MISR aerosol parameters AE and SSA have not been as widely investigated as the AOD. To the
best of our knowledge, previous studies have not specifically focused on comparing and improving
long-term MISR AE and SSA data with AERONET in China. Our current analysis aims to assess and
improve the quality of MISR AE and SSA data for China over a long time frame. The remainder of
this paper is organized as follows. Section 2 describes the ground-based and satellite data products
that are involved in this analysis, as well as the constraining methods. Section 3 validates both the
standard MISR product and our results using 11 years of AERONET observations. Finally, Section 4
summarizes the major findings and potential future improvements of the current analysis.

2. Materials and Methods

2.1. MISR Aerosol Product

The MISR EOF algorithm uses 74 aerosol mixtures to represent the global aerosol model. Each
mixture is composed of two or three out of eight pure components that constitute a different
combination of the particle radius, shape, brightness, etc. [24]. The particle sizes are differentiated
into broad groups of small, medium, and large particles, and the particle shape is differentiated into
spherical vs. non-spherical groupings, both of which are correlated with the AE. The brightness is
expressed in terms of the SSA. The AE and SSA values of each of the 74 aerosol mixtures are listed in a
“mixture data” table delineated by the “Angstrom exponent” and “Mixture spectral single-scattering
albedo” parameters. As shown in Figure 1, the values of the MISR AE range from −0.24 to 3.23, whereas
those of the MISR SSA range from 0.8 to 1. The MISR EOF algorithm also sets chi-squared values to
determine whether a mixture fits the tests. The successfully passed mixtures and the corresponding
AOD values at 558 nm are reported as the “AerRetrSuccFlagPerMixture” and “OptDepthPerMixture”
parameters, respectively.
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In this approach, the most recent MISR Version 22 Level 2 aerosol data for China from 2004
to 2014 were downloaded from the MISR Data Center (http://eosweb.larc.nasa.gov). The MISR
aerosol product has a spatial resolution of 17.6 km and a repeat coverage of approximately two to
nine days in China. The MISR provides two groups of values for aerosol properties (i.e., AOD and
ANG) with the prefixes of “RegBestEstimate” and “RegLowestResid”, and these values are calculated
from all mixtures that pass the goodness-of-fit tests and mixtures with the smallest chi-square values,
respectively [28]. Previous validation studies in the United States have suggested that the MISR
“RegBestEstimate” and “RegLowestResid” parameters demonstrate similar performances for the AOD,
AE, and absorbing AOD (calculated using the AOD and SSA) [26,29]. For the purpose of this approach,
the MISR parameters “RegBestEstimateAngstromExponent” and “RegBestEstimateSSA” were used to
derive the AE and SSA values. Particle properties should only be used when the “RegBestEstimate”
AOD is above a configurable threshold, which is set to 0.15.

2.2. AERONET Observations

The AERONET is a global network of sun and sky-scanning radiometers that are designed to
measure aerosol and radiative properties over long time periods, thereby providing ground validation
for satellite sensors [30]. AERONET Level 2.0 data for China were downloaded from the program
website (http://aeronet.gsfc.nasa.gov/). Compared with the AERONET AE, which can be calculated
from direct (collimated) solar radiation, the SSA is retrieved from almucantar scans of radiance.
More precisely, SSA retrievals require that the solar zenith angle is larger than 50◦ and the AOD at
440 nm is greater than 0.4. Perturbations of the inversion of aerosol optical properties resulting from
random errors, instrumental offsets, and known uncertainties in the atmospheric radiation model
were analyzed by Dubovik et al. [31]. During the period from 2004 to 2014, 27 AERONET sites were
operational in China with AE Level 2.0 data (evaluated between 440 and 870 nm), although only 20 sites
retrieved SSA data. AERONET AE and SSA data within three-hour windows relative to the MISR time
steps (10:30 a.m., UTC time) were averaged and matched to a 50 km grid for the MISR validation.

To extract the statistics of the aerosol optical properties from the geographical patterns, this
study employed the classic Heihe-Tengchong Line (roughly corresponding to the red line in Figure 2)
and the Kunlun/Qinling Mountain-Huaihe River line (black line in Figure 1) to divide China into
four main regions: North, South, Northwest, and the Qinghai-Tibetan Plateau (Tibet hereafter).
As shown in Figure 2, the spatial distribution of AERONET sites in the four regions exhibits a
geographical inhomogeneity; taking AE as an example, most AERONET sites are concentrated in
developed/polluted regions such as Beijing and its surrounding areas (six sites, belonging to the
North), the Yangtze River Delta (five sites, belonging to the South), and the Pearl River Delta region
(six sites, belonging to the South). Only two sites are located within the sparsely populated Tibet region.

2.3. Constraining MISR Mixtures with the AERONET Data

As previously mentioned, the MISR lacks sufficient mixtures under specific conditions. To resolve
this problem, new aerosol models must be imported and the EOF code must be followed. The MISR
scientific algorithm includes 256 mixtures, and each contains additional aerosol information (up to
four individual aerosol components) [32]. Moreover, because the MISR does not employ any a priori
spatial or temporal aerosol optical properties upon data retrieval, it shows large uncertainties when
too many of the mixtures satisfy the retrieval criteria. In this approach, we propose exploring the
feasibility of using AERONET-measured aerosol optical properties as a priori information for the
MISR’s aerosol mixture selection process in China. This process does not require the reconstruction of
the MISR look-up table. Instead, we use ground-observed “AE” and “SSA” data to constrain the MISR
mixture selection process as reported in the V22 operational information.

In practice, we narrow the MISR’s aerosol mixture selections using the following two functions:

AERONETMin
AE ≤ MISRAE ≤ AERONETMax

AE (1)

http://eosweb.larc.nasa.gov
http://aeronet.gsfc.nasa.gov/
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AERONETMin
SSA ≤ MISRSSA ≤ AERONETMax

SSA (2)

where AERONETMin
AE and AERONETMax

AE represent the minimum and maximum values for the
AERONET AE, respectively, and AERONETMin

SSA and AERONETMax
SSA are the corresponding boundary

values for the AERONET SSA. The new MISR AE and SSA values can be recalculated from these
mixtures upon passing both goodness-of-fit tests and our boundary thresholds. The errors of our
method are primarily introduced because of the selection of AERONET minimum and maximum
values for AE and SSA data, which will be discussed in later sections.
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Figure 2. Spatial distribution of AERONET sites containing Level 2.0 AE (27 red cycles) and SSA (20 blue
cycles) data from 2004 to 2014 in China. The black line roughly corresponds to the Kunlun/Qinling
Mountain-Huaihe River Line that divides China into northern and southern regions. The red line
roughly corresponds to the Heihe-Tengchong Line that divides China into the developed/polluted
eastern region and the sparsely populated western region. The land classification data are provided by
the Multi-resolution Land Characteristics Consortium (http://www.mrlc.gov/nlcd06_data.php).

3. Results and Discussion

3.1. Validation of MISR AE

Histograms showed that AERONET and MISR AE values exhibited similarly normal distributions
(Figure 3). However, the MISR AE data range (Min: −0.24; Max: 3.03) was wider than that of
AERONET (Min: 0.017; Max: 2.58). The MISR AE values (Mean: 1.08; SD: 0.43) were 0.09 ± 0.43
lower than the AERONET AE values (Mean: 1.17; SD: 0.34). Empirical findings have established
that AE values greater than two indicate small particles associated with combustion byproducts and
values less than one indicate large particles, such as sea salt and dust [33]. In this analysis, we utilized

http://www.mrlc.gov/nlcd06_data.php
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expected error (EE) tests to calculate the percentage of MISR records located between the absolute
differences (|MISR-AERONET|) of the total samples. Overall, 18.46% and 50.23% of the MISR AE
values were within the absolute differences of 0~0.1 (EE_0.1 hereafter) and 0~0.3 (EE_0.3 hereafter),
respectively, in China for the period from 2004 to 2014. A national seasonality analysis (Table 1) shows
that the mean AE observed by AERONET is lowest in the spring (1.04) and highest in the fall (1.31).
The same seasonal characteristics were also reported by Kang et al., although their study domain was
the urban-industrial megacity of Nanjing [34], and the similarities may be related to the springtime
dust that occurs in both the Northwest and North. In the fall, the air in most regions of China is
relatively clean and less affected by dust transport compared with other seasons. The MISR captured
the coarse particles (AE: 0.98) and thus exhibited the best performance in spring with the smallest
difference (−0.054). The EE test shows that 25.2% and 60.63% of MISR AE samples were located
within the absolute difference of 0~0.1 and 0~0.3 for spring, respectively. From summer to winter, the
variation trend of the MISR mean AE values (summer: 1.12; fall: 1.1; winter: 1.14) was gentler than
the trend for the AERONET mean AE values (summer: 1.21; fall: 1.31; winter: 1.18). The MISR AE
significantly underestimated the AERONET AE in the fall; thus, only 13.89% of the MISR samples were
within the absolute difference of 0~0.1. Geographically, 289 MISR-AERONET matched records were
available for the North and accounted for 67.52% of the total samples (N: 428). However, AERONET
observations in the Northwest (N: 10) and Tibet (N: 33) were scarce. The lowest AERONET AE values
were observed in the Northwest (1), followed by the North (1.14), the South (1.23), and the Tibet
(1.34) regions, all of which were strongly correlated with the levels of coarse dust particles. Che et al.
analyzed the relationship between AE/AOD at Lin’an, Shangdianzi, and Longfengshan from January
2006 to December 2007, and the AE values for Shangdianzi (0.8~1.15) and Longfengshan (0.8~1.3)
were comparable to our AE values for the North [35]. The AE mean value from September 2007 to
August 2008 at AERONET-observed stations in Nanjing (1.10 ± 0.21), which is a representative of the
South, was also consistent with our results [34]. The minimum MISR-AERONET difference (−0.023)
occurred in the South, and 22.92% and 61.46% of the MISR samples were located within the absolute
differences of 0~0.1 and 0~0.3, respectively. The MISR AE average (0.48) was lower than the AERONET
AE average (1.34) by a factor of three in Tibet, and the EE tests for this region (EE_0.1: 6.06%; EE_0.3:
15.15%) had the poorest results, which may have been related to the AOD in Tibet, which is the lowest
in the entire country, resulting in poor AE retrievals because of less particle property information in
the MISR radiances [36].
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Table 1. Statistics for MISR and AERONET AE values and their differences from 2004 to 2014 in China.

AE Dataset N Mean SD 2 Difference 3 (Standard Error) EE_0.1 4 (%) EE_0.3 4 (%)

National
AERONET

428
1.17 0.34 −0.095 (0.43) 18.46 50.23MISR 1.08 0.43

Spring 1 AERONET
127

1.04 0.33 −0.054 (0.39) 25.20 60.63MISR 0.98 0.42

Summer
AERONET

62
1.21 0.30 −0.084 (0.40) 19.35 45.16MISR 1.12 0.40

Fall
AERONET

108
1.31 0.29 −0.21 (0.40) 13.89 50MISR 1.10 0.41

Winter
AERONET

131
1.18 0.36 −0.047 (0.47) 15.27 42.75MISR 1.14 0.47

North
AERONET

289
1.14 0.33 −0.039 (0.40) 17.99 49.48MISR 1.10 0.41

Northwest
AERONET

10
1.00 0.51

0.13 (0.29) 30 80MISR 1.12 0.39

Tibet
AERONET

33
1.34 0.53 −0.86 (0.27) 6.06 15.15MISR 0.48 0.28

South
AERONET

96
1.23 0.23 −0.023 (0.34) 22.92 61.46MISR 1.21 0.37

1 Spring is March through May, Summer is June through August, Fall is September through November, and Winter
is December through February. 2 SD refers to the arithmetic standard deviation. 3 Differences are calculated between
MISR and AERONET. 4 EE_0.1 (or 0.3) is the percentage of MISR samples located in the absolute differences
(|MISR-AERONET|) of 0.1 (or 0.3).

3.2. Validation of MISR SSA

Histograms showed that the MISR and AERONET SSA values exhibited completely different
distributions (Figure 4). The AERONET SSA displayed a normal distribution with a range of 0.77 to
0.96, whereas the MISR SSA presented an approximate exponential distribution, with many values
close to 1.0. Because of the threshold of the operational revised SSA, only 62 MISR-AERONET SSA
records were matched, one-half of the MISR samples (31) were equal to 1.0, and only four MISR
samples were lower than 0.96 (the maximum for the AERONET SSA data), as shown in Table 2. These
findings suggest that more than 93.55% (58/62) of the MISR SSA values had a positive bias. As a
result, the MISR mean SSA (0.99) was significantly larger than the AERONET mean SSA (0.89), and the
difference reached 0.096 (standard error: 0.018). The EE test also showed that only 16.13% and 56.45%
of the records were located in the absolute differences of 0~0.05 and 0~0.1 envelopes, respectively.
Seasonally, the AERONET SSA values were ordered (from smallest to largest) as follows: winter
(0.87), fall (0.89), and spring (0.93). The emission of absorbing aerosols, such as BC and OC caused
by fuel and coal burning, was likely the strongest in winter due to increases in the heating demand.
For the MISR SSA, seasonal variations were not observed and all mean values were equal to 0.99.
Although the minimum MISR SSA value (0.92) in Figure 4 corresponds to winter, the MISR cannot
capture the absorbing aerosol (a low SSA value); thus, the largest difference of 0.11 and the lowest
EE_0.1 (40.74%) values for the entire year were observed. Geographically, nearly two-thirds of the
total records (41/62) were collected from the North, whereas almost no matched MISR-AERONET
samples were found in western China (Northwest: 2; Tibet: 0). AERONET-observed SSA values over
the Northwest and North/South were 0.93 and 0.89, respectively, and these values are consistent with
the results of Bergstrom et al., who showed that the spectra of SSA in the ACE-Asia areas that were
affected by pollutants sourced from dust and high degrees of urbanization varied [37]. The difference
(0.098) and EE_0.05 (16.28%) in the North were slightly higher than those for the South (difference:
0.09; EE_0.05: 10.53%). The quality of the MISR SSA in certain seasons and regions (e.g., no data
in summer and in Tibet) remains unclear and is under investigation because of the limited sample
size. To the best of our knowledge, widely deployed ground-measure radiometers, namely, the
Cimel Sun-photometer (CSPHOT) employed by AERONET and the multifilter rotating shadowband
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radiometer (MFRSR) [38], have been utilized to infer SSA values, and the results indicated that the SSA
is sensitive to numerous assumptions, inversion algorithm input parameters, calibration uncertainties,
asymmetry factor overestimations, and instrumental errors. We will conduct further investigations
provided that additional ground-based sun-photometer observations are available.
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3.3. Improvement of the MISR AE

As previously mentioned, the errors in our method are mainly caused by the AERONET
values selected to constrain the MISR mixtures. Because the AERONET optical properties vary
both temporally and spatially, the measured maximum and minimum values are different for
separate seasons and regions. The use of thresholds derived from fine spatial and temporal scales
(e.g., local/daily) can substantially improve our method compared with thresholds derived at a coarse
scale (e.g., national/annual). However, fine-scale ground-based data are not conducive to describing
the temporal and spatial characteristics of aerosol optical properties, and they are difficult to use with
our method. Therefore, in this study, we constructed seasonal statistics for the four study regions.
Table 3 lists the minimum and maximum AE values based on all AERONET data (AERONET_All
hereafter) during the period from 2004 to 2014. Extrema obviously occurred within the 11-year dataset.
For example, the minimum in the North for fall was −0.36, whereas the maximum in Tibet in winter
reached 4.8. To reduce the outliers, we sorted the AERONET AE and SSA data from small to large
values for a particular region and season and then averaged the values within the top 10% and the
bottom 10% (AERONET_10% hereafter) to represent the maximum and minimum values, respectively
(Table 3).
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Table 3. Statistics for the minimum and maximum AERONET AE values from 2004 to 2014 in China.

Region Season
AERONET_All AERONET_10%

Min Max Min Max

North

Spring −0.12 1.98 0.25 1.57
Summer 0.11 2.05 0.62 1.63

Fall −0.36 1.98 0.56 1.61
Winter 0.03 1.93 0.40 1.50

Northwest

Spring 0.01 1.40 0.08 1.10
Summer 0.09 1.61 0.28 1.47

Fall 0.07 1.95 0.47 1.48
Winter 0.08 2.70 0.31 1.36

South

Spring 0.07 3.93 0.52 1.65
Summer 0.18 3.46 0.52 1.81

Fall 0.38 1.92 0.91 1.65
Winter 0.21 1.74 0.81 1.57

Tibet

Spring −0.21 2.01 0.08 1.66
Summer −0.04 2.12 0.10 1.59

Fall 0.12 3.81 0.27 2.60
Winter −0.01 4.80 0.30 3.52

These two groups of thresholds were used as the boundary values for Equation (1), and the
MISR mixtures for each pixel were then constrained and new AE values based on the passed mixtures
were calculated. Similar to Table 1, Table 4 represents the statistics for our improved AE values
(MISR_Imp hereafter), as well as the differences between MISR_Imp and AERONET from 2004 to 2014
for China. In Table 4, MISR_Imp_All and MISR_Imp_10% represent the improved AE constrained by
the extrema (AERONET_All) and the top/bottom 10% averaged AERONET values (AERONET_10%)
from Table 3, respectively. (1) For MISR_Imp_All: the national mean AE (1.13) was closer to the
AERONET AE (1.17) than the original MISR product (1.08), as shown in Table 2, and the difference
was low at −0.044. The EE_0.1 and EE_0.3 tests between our AE and the AERONET AE observations
were improved from 18.46% and 50.23% (MISR) to 28.04% and 64.72%, respectively, as shown in
Figure 5. Seasonally, the difference between our summertime results and the AERONET observations
was the smallest (−0.017). Correspondingly, the EE_0.1 and EE_0.3 tests in summer were the most
significantly improved among all four seasons and increased from 19.35% and 45.16% to 32.26% and
67.74%, respectively. Our analysis indicated that the minimum values presented in Table 3 prevented
certain MISR mixtures with AE values below zero from being introduced to the retrieval algorithm.
Consequently, the final AE is highly biased. Geographically, the MISR_Imp_All averages in the North
(1.14) and South (1.23) were equal to the ground-based truths demonstrated in Table 1. For Tibet,
we also increased the values of the mean, EE_0.1, and EE_0.3 from 0.48, 6.06%, and 15.15% to 0.85,
15.15%, and 42.42%, respectively. However, our method also possesses limitations. For example, the
mean value (1.26) in the Northwest was worse than that of the MISR original product (1.12) when
compared with the AERONET AE (1.0). These findings may have been related to the lower quantity
of samples (N: 10) in the fall and the elimination of the particles with AE < 0 by our method. (2) For
MISR_Imp_10%: although the differences for MISR_Imp_10% on the national scale were slightly worse
than that for MISR_Imp_All, the samples located in the envelopes of EE_0.1 and EE_0.3 (34.11% and
73.13%, respectively) were higher than those in MISR_Imp_All (28.04% and 64.72%). Geographically
and seasonally, the average values of MISR_Imp_10% were less than or equal to those of MISR_Imp_All
(except for Tibet), which occurred within a small range of 0~0.06. In contrast, the EE_0.1 and EE_0.3
tests for MISR_Imp_10% were improved by approximately 10% compared with MISR_Imp_All. The
top/bottom 10% of the averaged AERONET values likely generated a relatively small threshold range.
For example, in Table 3, during spring in the North, the minimum of −0.12 increased to 0.25 and
the maximum of 1.98 decreased to 1.57. On the one hand, these strict constraints can filter out few
reasonable mixtures, such as fine particles from anthropogenic emissions (with high AE) or coarse
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particulate dust (with low AE); on the other hand, they can also ensure that most MISR mixtures are
consistent with ground-based observations.

Table 4. Statistics for MISR_Imp_All and MISR_Imp_10% AE and the differences between MISR_Imp
and AERONET from 2004 to 2014 in China.

AE Dataset N Mean SD Difference (Standard Error) EE_0.1 (%) EE_0.3 (%)

National
MISR_Imp_All

428
1.13 0.28 −0.044 (0.36) 28.04 64.72

MISR_Imp_10% 1.11 0.23 −0.062 (0.30) 34.11 73.13

Spring MISR_Imp_All
127

1.09 0.30 0.050 (0.29) 29.92 72.44
MISR_Imp_10% 1.04 0.23 0.002 (0.23) 34.65 77.17

Summer
MISR_Imp_All

62
1.19 0.27 −0.017 (0.32) 32.26 67.74

MISR_Imp_10% 1.15 0.18 −0.057 (0.27) 38.71 77.42

Fall
MISR_Imp_All

108
1.18 0.27 −0.13 (0.40) 22.22 56.48

MISR_Imp_10% 1.18 0.22 −0.13 (0.36) 31.48 62.04

Winter
MISR_Imp_All

131
1.14 0.28 −0.043 (0.40) 29.01 62.60

MISR_Imp_10% 1.11 0.23 −0.071 (0.32) 33.59 76.34

North
MISR_Imp_All

289
1.14 0.27 −0.004 (0.32) 28.37 64.71

MISR_Imp_10% 1.09 0.22 −0.049 (0.27) 30.80 70.93

Northwest
MISR_Imp_All

10
1.26 0.40 0.26 (0.38) 30 60

MISR_Imp_10% 1.20 0.44 0.21 (0.32) 30 70

Tibet
MISR_Imp_All

33
0.75 0.18 −0.58 (0.75) 15.15 42.42

MISR_Imp_10% 1 0.15 −0.34 (0.61) 30.30 54.55

South
MISR_Imp_All

96
1.23 0.28 0 (0.27) 31.25 72.92

MISR_Imp_10% 1.20 0.20 −0.032 (0.19) 45.83 86.46
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3.4. Improvement of MISR SSA

Tables 5 and 6 are identical to Tables 3 and 4, respectively, but for SSA. As shown in Table 5, the
maximum SSA in the North/fall and South/winter reached a value of one, whereas in Tibet/spring,
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the maximum value dropped as low as 0.91. Therefore, many MISR mixtures with substantially strong
scattering properties (MISR mixtures NO. 1 through 30 with SSA = 1 in Figure 2) may overestimate
the real SSA in China. Most of the minimum SSA values were lower than 0.8, for example, this value
was only 0.71 in the South during the fall. However, the lowest SSA among all of the MISR mixtures
was 0.8 (MISR mixture NO. 41 in Figure 2), which indicates that the current MISR EOF algorithm
ignores many highly absorbing particles. Our findings here are consistent with that of a previous
study [24] that revealed a lack of absorbing particles in the MISR V22 climatology. When the top
10% and the bottom 10% of the AERONET SSA values were averaged, all of the maximum values
(Table 5) were lower than 0.98 and the minimum values were generally higher than 0.8 (except for the
South in fall). (1) For MISR_Imp_All: the average and difference values of MISR_Imp_All decreased to
0.96 (SD: 0.027) and 0.068, respectively, whereas the mean value for the MISR original product was
0.99 (SD: 0.018). Correspondingly, the EE_0.05 and EE_0.1 tests between our SSA and the original
AERONET observations improved from 16.13% and 56.45% (original MISR product) to 40.32% and
70.97%, respectively, as shown in Figure 6. Seasonally, our improved mean values were approximately
0.96. The percentage of our SSA in fall and winter located in the EE_0.05 and EE_0.1 envelopes
increased by 20~30% compared with the MISR original product. Geographically, our method achieved
the best performance in the South. The average dropped to 0.95, and the EE_0.05 and EE_0.1 tests
improved to 78.95% and 94.74%, respectively. In the North, a nearly 10% improvement was observed.
However, changes were not observed in the Northwest because only two samples were available.
(2) For MISR_Imp_10%: our method further reduced the mean values to 0.94 (SD: 0.026), which means
that our SSA is closer to the AERONET observations despite a 0.043 difference value. This finding
was primarily related to the narrow boundary value range of AERONET_10%, which further limited
the MISR mixtures with high SSA values used during the retrieval. Therefore, the MISR_Imp_10%
samples located in the EE_0.05 and EE_0.1 envelopes (54.84% and 90.32%, respectively) were higher
than those of MISR_Imp_All (40.32% and 70.97%, respectively). Geographically and seasonally, the
mean value decreased overall by approximately 0.3 compared with MISR_Imp_All, and the EE_0.1
and EE_0.3 tests also showed certain improvements in the different regions and seasons. The EE_0.1
test improved significantly in the North and increased from 58.54% to 85.37%. This finding may have
been caused by the greater decrease in the AERONET_10% maximum value (Table 5) compared with
the AERONET_All value (e.g., reduced by 0.04 in fall and winter), which tends to include the mixtures
with low SSA and improve the final SSA by our method.

Table 5. Same as Table 3 but for SSA.

Region Season
AERONET_All AERONET_10%

Min Max Min Max

North

Spring 0.77 0.98 0.83 0.96
Summer - - - -

Fall 0.78 1.00 0.83 0.96
Winter 0.77 0.99 0.81 0.95

Northwest

Spring 0.75 0.99 0.82 0.97
Summer 0.86 0.99 0.87 0.98

Fall 0.70 0.98 0.83 0.97
Winter 0.79 0.99 0.84 0.97

South

Spring 0.80 0.94 0.84 0.93
Summer - - - -

Fall 0.71 0.98 0.78 0.96
Winter 0.76 1.00 0.82 0.95

Tibet

Spring 0.85 0.91 0.85 0.91
Summer - - - -

Fall - - - -
Winter - - - -
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Table 6. Same as Table 4 but for SSA.

SSA Dataset N Mean SD Difference (Standard Error) EE_0.05 (%) EE_0.1 (%)

National
MISR_Imp_All

62
0.96 0.027 0.068 (0.082) 40.32 70.97

MISR_Imp_10% 0.94 0.026 0.043 (0.062) 54.84 90.32

Spring MISR_Imp_All
13

0.97 0.025 0.069 (0.08) 30.77 100.00
MISR_Imp_10% 0.93 0.024 0.038 (0.059) 38.46 100.00

Fall
MISR_Imp_All

22
0.96 0.029 0.064 (0.082) 45.46 68.18

MISR_Imp_10% 0.94 0.027 0.046 (0.065) 59.09 86.36

Winter
MISR_Imp_All

27
0.96 0.027 0.07 (0.082) 40.74 74.07

MISR_Imp_10% 0.93 0.027 0.042 (0.061) 59.26 88.89

North
MISR_Imp_All

41
0.97 0.027 0.085 (0.095) 21.95 58.54

MISR_Imp_10% 0.94 0.029 0.063 (0.073) 36.59 85.37

South
MISR_Imp_All

19
0.95 0.022 0.032 (0.045) 78.95 94.74

MISR_Imp_10% 0.92 0.006 0.006 (0.028) 89.47 100.00

Northwest
MISR_Imp_All

2
0.98 0.006 0.045 (0.055) 50.00 100.00

MISR_Imp_10% 0.91 0 −0.022 (0.036) 100.00 100.00
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3.5. Additional Validation of AOD, AE and SSA

The validation of the MISR standard AOD product using AERONET data is presented in Figure 7.
During the period from 2004 to 2014, the MISR had a strong correlation to AERONET Level 2.0 AOD in
China (R2 = 0.82), as shown in Figure 7a. However, the MISR produced a significant underestimation
(y = 0.49x + 0.08), especially for AODs larger than one. We also examined the new AOD calculated
using our method. Our results in Figure 5b are very similar to the MISR standard AOD, with a high
correlation coefficient of 0.82 and a low slope of 0.51. Overall, our findings are consistent with previous
validation studies in China [39] and sensitivity analyses in the U.S. [26]. The MISR usually shows high
bias when the AOD is very high, with almost stable AOD values in different mixtures.
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2014 in China.

Additional analysis related to seasonal differences by region is presented in Table 7 (AE) and
Table 8 (SSA). Compared to the improvement in every region (as shown in Tables 4 and 6), the regional
seasonality patterns presented more details. Specifically, in the North, the seasonal improvements
of AE in spring, autumn, and winter showed non-monotonous variations, and only in summer did
they exhibit the two groups of MISR_Imp better than the regional mean in Table 4 (EE_0.1: 28.37%;
EE_0.3: 64.71%), with EE_tests of 36.96%/69.57% for MISR_Imp_All and EE_tests of 34.78%/73.91%
for MISR_Imp_10%; the SSA in the North showed similar patterns as AE, but performed best in
autumn. The same AE patterns also appeared in the Northwest, but behaved best in spring. AE
values in the Tibet and South regions during different seasons reflected that using stricter constraints
(MISR_Imp_10%) led to a better performance than MISR_Imp_All, which was adaptive to SSA except
in winter, providing many possibilities for using a dynamic threshold method based on different
regional seasonalities. Previous studies showed that MISR AOD lacked coverage in part of the Tibet,
making it difficult to retrieve AE and SSA and resulting in no matched records for SSA and incomplete
coverage in autumn and winter over Tibet. Compared with the national seasonality patterns and
regional characteristics in Table 6, because of the sample points of SSA, regional seasonalities do not
provide more valuable information for improving our follow-up method.
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Table 7. Statistics for the seasonal MISR_Imp_All and MISR_Imp_10% AE values and their EE tests
by region.

AE Seasons Dataset N Mean SD EE_0.1 (%) EE_0.3 (%)

North

Spring MISR_Imp_All
80

1.06 0.31 33.75 72.50
MISR_Imp_10% 1.00 0.25 27.5 71.25

Summer
MISR_Imp_All

46
1.14 0.22 36.96 69.57

MISR_Imp_10% 1.15 0.17 34.78 73.91

Autumn
MISR_Imp_All

75
1.16 0.25 18.67 56

MISR_Imp_10% 1.14 0.20 30.67 60

Winter
MISR_Imp_All

88
1.19 0.26 27.27 62.50

MISR_Imp_10% 1.11 0.22 31.82 78.41

Northwest

Spring MISR_Imp_All
2

0.94 0.08 50 100
MISR_Imp_10% 0.86 0.08 50 100

Autumn
MISR_Imp_All

4
1.50 0.26 25 50

MISR_Imp_10% 1.50 0.26 25 50

Winter
MISR_Imp_All

4
1.17 0.52 25 50

MISR_Imp_10% 1.07 0.54 25 75

Tibet

Spring MISR_Imp_All
13

0.98 0.05 15.38 61.54
MISR_Imp_10% 1.11 0.13 46.15 84.62

Summer
MISR_Imp_All

4
0.99 0.10 50 100

MISR_Imp_10% 0.95 0.06 50 100

Autumn
MISR_Imp_All

6
0.77 0.18 0 0

MISR_Imp_10% 0.97 0.16 0 0

Winter
MISR_Imp_All

10
0.68 0.13 10 20

MISR_Imp_10% 0.89 0.10 20 30

South

Spring MISR_Imp_All
32

1.20 0.30 25 75
MISR_Imp_10% 1.11 0.22 56.25 87.50

Summer
MISR_Imp_All

12
1.46 0.32 8.33 50

MISR_Imp_10% 1.22 0.20 33.33 58.33

Autumn
MISR_Imp_All

23
1.28 0.22 39.13 73.91

MISR_Imp_10% 1.31 0.15 60.87 100

Winter
MISR_Imp_All

29
1.13 0.23 41.38 79.31

MISR_Imp_10% 1.20 0.16 58.62 96.55

Table 8. Same as Table 7 but for SSA.

SSA Seasons Dataset N Mean SD EE_0.05 (%) EE_0.1 (%)

North

Spring MISR_Imp_All
9

0.97 0.025 0 55.56
MISR_Imp_10% 0.94 0.026 0 100

Autumn
MISR_Imp_All

18
0.96 0.029 33.33 61.11

MISR_Imp_10% 0.94 0.029 50 83.33

Winter
MISR_Imp_All

14
0.97 0.026 21.43 57.14

MISR_Imp_10% 0.94 0.032 35.71 78.57

Northwest
Spring MISR_Imp_All

1
0.97 0.009 0 0

MISR_Imp_10% 0.91 0.035 100 100

Winter
MISR_Imp_All

1
0.98 0.054 0 100

MISR_Imp_10% 0.91 0.004 100 100

South

Spring MISR_Imp_All
3

0.95 0.024 100 100
MISR_Imp_10% 0.92 0.001 100 100

Autumn
MISR_Imp_All

4
0.95 0.023 100 100

MISR_Imp_10% 0.92 0.001 100 100

Winter
MISR_Imp_All

12
0.95 0.023 66.67 91.67

MISR_Imp_10% 0.92 0.007 83.33 100
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4. Conclusions

In this study, the MISR AE and SSA values in China from 2004 to 2014 were validated for the first
time using AERONET observations. The MISR showed a similar normal distribution, but demonstrated
a lower mean of 0.09 ± 0.43 compared with the AERONET AE. Our EE tests indicated that 18.46%
and 50.23% of the MISR AE values were within the 0~0.1 and 0~0.3 envelopes of the MISR-AERONET
absolute differences, respectively, on the national scale. In this study, a seasonal/regional scale was
used to extract the minimum and maximum values, as well as the top 10% and the bottom 10%
averaged values from the AERONET dataset, which included 11 years of AERONET data. Then, we
developed a method that employs these two group thresholds as the constraining boundary conditions
and calculated new AE values from the passed MISR mixtures. Overall, our national mean AE values
from MISR_Imp_All and MISR_Imp_10% were closer to the AERONET AE than the original MISR
product, even for different seasons and regions. In addition, the EE_0.1 and EE_0.3 tests between our
AE and AERONET observations were improved from 18.46% and 50.23% (original MISR) to 28.04%
and 64.72% (MISR_Imp_All) and 34.11% and 73.13% (MISR_Imp_10%), respectively. Our analysis
showed that the strict constraints imposed by MISR_Imp_10% can ensure that most MISR mixtures are
consistent with ground-based observations, although they could also filter out extra-fine and relatively
coarse particles.

With regard to SSA values, the MISR exhibited an exponential-like distribution and showed many
values close to 1.0, whereas AERONET displayed a normal distribution that ranged from 0.77 and
0.96. Our statistics showed that the MISR national mean SSA value (0.99) was significantly larger than
the AERONET value (0.89), and seasonal or geographical variations were not observed in the MISR
SSA distribution because of the high mean value. As a result, only 16.13% and 56.45% of the records
were located in the EE_0.05 and EE_0.1 envelopes, respectively. Similar to the method used for the
AE, our results for the 11 years of AERONET SSA data revealed that the MISR not only overestimates
the real SSA, but also ignores highly absorbing particles in China. Overall, the mean values from
our MISR_Imp_All and MISR_Imp_10% decreased to 0.96 and 0.94, respectively, whereas the MISR
original product had a value of 0.99. Moreover, the EE_0.05 and EE_0.1 tests between our SSA and the
AERONET observations were improved from 16.13% and 56.45% (MISR original product) to 40.32%
and 70.97% (MISR_Imp_All) and 54.84% and 90.32% (MISR_Imp_10%), respectively. The analysis
revealed that the strict constraint imposed by MISR_Imp_10% tends to include mixtures with low SSA
values and further skews the final SSA closer to the AERONET values.

This study follows our previous works in the U.S., in which we improved the MISR AE and
absorbing AOD values by employing the GOCART aerosol model simulations [26]. The post-processing
technique proposed in this analysis is directed at narrowing the selection of mixtures by introducing
real AERONET observations. This approach does not require a validation of the GOCART model
data. However, our method also has limitations. First, applying fine-scale aerosol optical properties
from AERONET data is difficult; for example, it is difficult to use daily/grid aerosol simulations,
such as those in the GOCART model, to constrain MISR mixtures. Second, because many regions of
China lack coverage, as shown in Figure 1, our current statistics may not represent the real aerosol
properties over regions far from AERONET stations. Third, our approach is used for the improvement
of AE and SSA and does not consider their intersection when selecting MISR mixtures. Nevertheless,
the MISR retrieves a richer set of aerosol microphysical properties, which will allow us to develop
more sophisticated techniques for selecting spatio-temporal constraints and aerosol types using
ground-based measurement results.
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