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Abstract

:

Aerosol distribution with fine spatial resolution is crucial for atmospheric environmental management. This paper proposes an improved algorithm of aerosol retrieval from 250-m Medium Resolution Spectral Image (MERSI) data of Chinese FY-3 satellites. A mixing model of soil and vegetation was used to calculate the parameters of the algorithm from moderate-resolution imaging spectroradiometer (MODIS) reflectance products in 500-m resolution. The mixing model was used to determine surface reflectance in blue band, and the 250-m aerosol optical depth (AOD) was retrieved through removing surface contributions from MERSI data over Guangzhou. The algorithm was used to monitor two pollution episodes in Guangzhou in 2015, and the results displayed an AOD spatial distribution with 250-m resolution. Compared with the yearly average of MODIS aerosol products in 2015, the 250-m resolution AOD derived from the MERSI data exhibited great potential for identifying air pollution sources. Daily AODs derived from MERSI data were compared with ground results from CE318 measurements. The results revealed a correlation coefficient between the AODs from MERSI and those from the ground measurements of approximately 0.85, and approximately 68% results were within expected error range of ±(0.05 + 15%τ).
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1. Introduction


Aerosols are a major component of the troposphere that contribute to climate change and play an essential role in atmospheric environment [1,2]. Satellite signals are important data sources for obtaining aerosol information. Remote sensing can quickly obtain the spatial distribution of aerosols, which can complement ground station monitoring. From retrieved aerosol information, particulate matter (PM10 and PM2.5) can be retrieved by the land-use regression (LUR) method [3].



Retrieving aerosols over land is difficult from satellite signals because of the reflectance of the ground surface. Several algorithms for aerosol retrieval were proposed based on assumptions regarding the land surface. For example, the dark dense vegetation (DDV) algorithm [4,5,6,7,8,9,10] uses the correlations of blue–red and red shortwave infrared (SWIR) surface reflectance. The multi-angle algorithm [11,12,13,14,15] assumes that the normalized reflectance at multi-angles is invariant in visible bands. The deep blue (DB) algorithm [16,17,18,19,20] assumes that surface reflectance in blue band is low and changes slowly with time. The multi-angle polarization algorithm [21,22,23,24,25,26] retrieves fine-particle aerosols by using polarization signals that are not sensitive to the surface. Multi-angle implementation of atmospheric correction (MAIAC) algorithm retrieves the aerosol based on a time series analysis and image-based processing, which was applied by the MODIS MCD19A2 product in 1 km resolution [27,28].



With the recent development of high-resolution sensors, aerosol optical depth (AOD) inversion has reached spatial resolutions of higher than 1000 m. In addition to obtaining the spatial distribution of aerosol particles and their temporal changes, high-resolution AODs can also identify the source of atmospheric pollution, providing supporting information for atmospheric environmental management. Wang et al. [29] retrieved AOD with 300-m resolution from Chinese HJ-1 charged-couple device (CCD) data using the DDV algorithm. Sun et al. [30] retrieved AOD with 500-m resolution from Landsat 8 Operational Land Imager (OLI) data by the DB algorithm. In Wuhan, China, Sun et al. [31] composited wide-field-of-view (WFV) data of Chinese GF-1 satellite on the clearest days of each season and retrieved AOD with 160-m resolution. Using the blue–red reflectance correlations for low-, medium-, and high-density vegetation, Bao et al. [32] retrieved AOD with 160-m resolution from GF-1 WFV data. Using the ratio between the red and blue bands extracted from MODIS and Multi-angle Imaging SpectroRadiometer (MISR) data, Vermote et al. [33] retrieved AOD with 30-m resolution from Landsat 8 OLI data.



However, for narrower swaths, OLI or WFV cannot cover one city daily, which means they cannot capture rapidly changing aerosol distributions. The swath width of the FY-3 MERSI is more than 2000 km, and in the four bands, the spatial resolution is 250 m. In general, AODs are generally retrieved from MERSI’s 1-km data, but the algorithm for high-resolution (250-m) aerosol retrieval should be improved.



In the paper, we employed the method of von Hoyningen-Huene et al. [34] to retrieve AOD. Compared to other methods for higher than 1000 m, the advancements were (1) only the signal in blue band was used to retrieve AOD so the error from different bands was reduced; (2) our method was not only suitable for vegetation and soil, but also for the mixed pixels.



Basing the research on the work of von Hoyningen-Huene et al. [34], we used surface reflectance data to analyze the correlation between the Normalized Difference Vegetation Index (NDVI) and surface reflectance in blue band and then developed a 250-m aerosol data inversion algorithm for FY-3 MERSI that achieved high-resolution AOD in an urban area of Guangzhou.




2. The Area and Data


2.1. Guangzhou Area


Guangzhou is in the southeast of China. Guangzhou city covers a 1249.11 km2 area, and more than 10 million people live in the city. Guangzhou is a key industrial base in China. Automobile manufacturing, electronic communication, and petrochemicals are the city’s main industries. After years of treatment, the air quality in Guangzhou has remarkably improved. However, aerosol particles from complex air pollution and regional pollution transport still greatly influence air quality.




2.2. The Data


The FY-3 satellites belong to China’s polar orbit meteorological satellite series. To date, four satellites (FY-3A, FY-3B, FY-3C, and FY-3D) have been launched in this series. The four FY-3 satellites are equipped with MERSI technology, which is widely used in meteorology, forestry, environmental science, and other fields. MERSI is designed mainly for the study of clouds, aerosols, and vegetation. It has a wide swath of 2000 km and boasts 20 channels. Five bands have a resolution of 250-m (Table 1), and the remaining bands have a resolution of 1-km [35,36]. The data we selected for inversion were the L1 250-m data from the FY-3 MERSI in hierarchical data format (HDF) version five. The data were radiance calibrated, and the apparent reflectance of each pixel was easily extracted. However, none of the auxiliary parameters (solar zenith angle, longitude, latitude, and so on) had a resolution of 250-m. We extracted these parameters from the 1-km data and interpolated them to 250-m resolution.



Using the overpass time of FY-3B (14:30 local time), we selected the MODIS AOD product of the Aqua satellite (14:00 local time) for comparison with the results derived from our algorithm (https://ladsweb.nascom.nasa.gov/ (accessed on 10 January 2021)). The version of the MODIS AOD product was Collection 6. The MODIS AOD product was derived from the DDV algorithm [37] and MAIAC algorithm [28] (MCD19A2 products).



The ground-based aerosol measurements were observed by CE318. The observation site (red star in Figure 1) was the roof of one building at Sun Yat-sen University (113.29466° E, 23.1037° N). In China, although there are many aerosol ground observation sites, only few sites measure long-term stable data. In Guangzhou, we only obtained data from the Sun Yat-Sen University site. With the development of the city, the campus of Sun Yat-sen University has been surrounded by urban areas. Therefore, the site data also represent the aerosol of Guangzhou city. Because the site is located inside the campus, the surroundings are mainly vegetation. Many buildings are situated in the north and west of the campus, and the Pearl River lies approximately 200 m to the north (Figure 1). CE318 obtained the AOD in five bands (1020, 670, 440, 870, and 936 nm), which were then converted into 550 nm for comparison with the satellite’s results. The station had received AODs for several years, but because of complications, such as equipment maintenance, we were only able to obtain continuous observation data for 2015.





3. Inversion Principle and Methodology


3.1. Basic Theory


For the plane-parallel atmosphere, the top of atmosphere (TOA) reflectance,    ρ   TOA    ,was defined as follows [38]:


   ρ   TOA   =  ρ 0      θ s  ,    θ v  , φ   +   T    θ s    T    θ v     ρ   surf       1 −  ρ   surf   S      



(1)




where surface reflectance is represented by    ρ   surf    , and    ρ 0    , and  S , and  T  represent the atmospheric parameters (aerosols and molecules) from which the AOD can be extracted. Generally, atmospheric parameters are functions of the AOD and the aerosol model. Because we developed the aerosol model from CE318 data (see Section 3.2 for details), the AOD was retrieved from atmospheric parameters and    ρ   TOA    . For quick inversion, the atmospheric parameters were precomputed using radiative transfer codes [39].



To retrieve aerosol data, the surface distribution in Equation (1) needed to be removed from the satellite signal       ρ     TOA    . Several algorithms can remove surface distribution with satellite data in one or more bands by making assumptions regarding the land surface. In Equation (2), the DDV algorithm assumed that the reflectance of the red band was approximately twice that of the blue band for dense vegetation [4],


   ρ   Surf , red        = ρ     Surf , blue     × a  



(2)




where  a  represents the parameter, which changes in vegetation type, viewing geometry, and so on. This parameter is usually obtained through assessments of ground-based measurements or satellite data. Parameter  a  is usually set to 2.



The DB algorithm [16] assumes that reflectance in blue channel is invariable for a short period. The surface reflectance can be replaced by that of the clearest recent day or that of the same day in a previous year.



Using a mixing model of soil and vegetation, the surface reflectance was adjusted to the NDVI [34]:


   ρ  surf   mixing   =  C  veg   ×  ρ  veg    +   1 −  C  veg     ×  ρ  soil     



(3)




where    C  veg     is the estimation for the proportion of vegetation cover. When NDVI is greater than 0,    C  veg     is equal to NDVI, and when NDVI is less than 0,    C  veg     is set to 0. Von Hoyningen-Huene et al. [34] obtained    ρ  veg      and    ρ  soil      from aircraft measurements in Europe.



We improved the algorithm of von Hoyningen-Huene et al. [34] to retrieve information on aerosols from MERSI 250-m data over an urban area in Guangzhou. The algorithm can cover most of the urban surface, such as vegetation, bare soil, and the combination thereof, and surface reflectance is adjusted according to the NDVI of each pixel, allowing the effects of the surface to be removed precisely. For the lack of aircraft or ground observations of land surface over the Guangzhou area, we obtained the parameters in the algorithm through statistical analysis of the MODIS surface reflectance products (500 m) (see Section 3.3 for details).



Because the NDVI decreases when the AOD increases, atmospheric correction (AC) needed to be conducted first. The AODs used in AC were derived from the DB algorithm and were 1-km resolution. Figure 2 displays a flowchart of AOD retrieval. In our algorithm, when TOA reflectance in red band was greater than 0.2 or NDVI was less than 0, the pixel was removed as cloud [40].




3.2. Aerosol Model in Guangzhou


The aerosol model was developed using CE318 data and MODIS TOA data. Following the method outlined by Wei et al. [41], we fitted the AOD of the mixture of the aerosol basic components to that of the CE318 data. CE318 data were from 2015, and the wavelengths were 440, 675, 870, and 1020 nm. Figure 3 shows the AOD from the CE318 data. However, because the CE318 does not measure sky radiance, we did not obtain any single-scattering albedos or asymmetry factors. To account for aerosol backscattering, we introduced MODIS TOA reflectance in the red and blue bands to develop the aerosol model.



We identified three components of aerosols from Guangzhou [42,43]: sea salt (SS), water soluble (WASO), and black carbon (BC). The extinctions of the components were derived from OPAC model [44].



In band j, the AOD and TOA reflectance are calculated as follows:


    AOD  j  simu   =  ∑   i = 1   3   N i     × ext     i , j      



(4)






   ρ j  TOA , simu   =    ∑   i = 1   3   N i     × ext     i , j        × ρ     i , j    TOA       AOD  j  simu      



(5)




where     ext    i , j       is the extinction of component i and    N i    is the number of component i.



The N of the three components was obtained through minimization of the residual between the optical properties of aerosol and clouds (OPAC) simulation (simu) results and measurements (meas). The residual term is defined as follows:


   η =   ∑   j = 1   4    (     AOD  j  simu      − AOD   j  meas       AOD  j  meas     )  2  +  ∑   j = 1   2    (    ρ j   TOA , simu       − ρ   j   TOA , meas       ρ j   TOA , meas      )  2   



(6)







The percent of component j was converted to 550 nm.


    Weight  i   =    N i     * ext     i , 550        ∑   i = 1   3   N i     * ext     i , 550        



(7)







Figure 4 shows the monthly average proportions of the three aerosol components. Because there were more rainy than cloudy days, no valid data could be derived for June, August, or September, and the proportion of each component was not obtained. As indicated in Figure 4, the proportion of WASO compounds was the greatest (54–75%), followed by SS (34–52%) and BC (0–8%). Because the sources of aerosols in Guangzhou did not substantially change, the aerosol composition varied only slightly. The annual aerosol components were averaged, and the proportions of WASO compounds, SS, and BC were 67%, 29%, and 4%, respectively. We used the annual average proportions for the aerosol model in the remote sensing inversion.




3.3. Determination of Surface Reflectance


Because    ρ  veg      and    ρ  soil      in the work of von Hoyningen-Huene et al. [34] may not have been appropriate to retrieve the AOD in Guangzhou, we assessed    ρ  veg      and    ρ  soil      from satellite measurements of the MODIS over Guangzhou. Compared to Landsat 8 or Sentinel data in high resolution, MODIS surface reflectance (MOD09) products have two advancements (1) MOD09 products have mature quality control and easy to obtain; (2). Due to the width of MODIS swath, it can provide more surface reflectance data.



We analyzed the surface reflectance in Guangdong using the MODIS surface reflectance product from 2015. After AC (including absorption gas, molecules, and aerosols) of MODIS TOA reflectance, the MOD09 product was obtained through correction of the change in the surface reflection angle. Anticipating the needs of a surface reflectance analysis, we extracted the MOD09 product with 500-m resolution from the urban area in Guangzhou and selected MODIS bands 1, 2, 3, and 4 (red, near-infrared, blue, and green bands, respectively). We then re-projected the data into geographic projection and mosaicked the results to obtain the surface reflectance. To eliminate the influence of clouds, pixels were removed when the reflectance in the red band was greater than 0.2 or when the NDVI was less than 0.



Figure 5a presents the surface reflectance in Guangzhou. The figure shows that the northeast region of Guangzhou was an area with vegetation coverage, the south and north were urban areas, and the northwest corner was an area of vegetation concentration. A histogram of the surface reflectance in each band was obtained. As displayed in Figure 5b, the reflectance in near-infrared band was the highest overall, concentrated at above 0.2. The reflectance in blue band was the lowest overall, concentrated at below 0.13. The surface reflectance in the green and red bands was relatively similar, both generally below 0.15. Because of the vast vegetation coverage in Guangzhou, the reflectance in green band was higher than that in red band.



Next, we calculated the minimum, maximum, average, and variance of the surface reflectance in the four bands, and after classifying the histogram by 25%, we extracted the surface reflectance in the first, second, and third 25% sections. Table 2 shows that the reflectance was the lowest overall in the blue band, similar between the green and red bands, and highest in the near-infrared band.



According to the surface reflectance in each band at the first, second, and third 25% sections, the TOA reflectance was simulated by second simulation of a 6S V 1.0 [39]. According to the satellite overpass time and the latitude of Guangzhou, the solar zenith angle was 14° and the observation zenith angle was 37°. As indicated in Figure 6, as the AOD increased, TOA reflectance in blue, green, and red bands also increased, whereas TOA reflectance in near-infrared band did not change significantly. The blue band had the largest interval of change, followed by the green and red bands, meaning that the satellite data in the blue band were the most suitable for aerosol inversion.



The correlation between the NDVI and surface reflectance in blue band was analyzed. Then the reflectance of pure bare soil    ρ   soil       and pure vegetation    ρ     veg       in Equation (3) was determined. As Figure 7 shows, a strong negative correlation was observed between the surface reflectance band and the NDVI, with a correlation coefficient of −0.931. The calculation indicated that the reflectance was 0.128 for pure bare land and −0.010 for pure vegetation. In actual observation, the NDVI of vegetation cannot reach 1; the reflectance of pure vegetation is a theoretical calculated value, and the negative value was used for the convenience of model calculation.



We also analyzed the correlation between the NDVI and the ratio (parameter a in Equation (2)), which is a fundamental parameter of the DDV algorithm. As displayed in Figure 8, a correlation was also observed between the NDVI and this ratio, with a correlation coefficient of 0.743. Compared with Figure 5, the ratio had a lower correlation with the NDVI and a greater degree of dispersion. Because the reflectance in blue band had a stronger correlation with the NDVI, we used the NDVI to calculate the surface reflectance in blue band and remove its contribution, and then received 250-m AOD from MERSI 250-m data.





4. Results and Validation


The described algorithm was programmed in interactive data language. MERSI data were collected from the Guangzhou overpass and used in the algorithm to retrieve the 250-m AOD. The obtained AOD was then compared with the MODIS product and the CE318 observation data.



4.1. Retrieval Experiments


By our algorithm, we retrieved MERSI 250-m AOD images for every day in 2015, and then seasonal average AOD images were received. As shown in Figure 9, in the spring (March, April, and May) of 2015, the AOD was the greatest; in the summer (June, July, and August) of 2015, because of the clouds and rain, we only received AOD in partial areas; in the fall (September, October, and November) of 2015, the AOD was the lowest; in the winter (January, February, and December) of 2015, the AOD was the middle.



Two pollution episodes were selected for evaluating the performance of the algorithm. Figure 10 displays the AOD images retrieved during the pollution episode of 14–17 January and the false-color images were composited with the data in MERSI’s channel 2, 3, and 4 to match the inversion. On 14 January, the overall AOD in Guangzhou was low, but there were high AOD value areas of approximately 0.5 in northwestern, southeastern, and southern regions. On 15 January, the air quality improved substantially, and the AOD decreased to below 0.3. On 16 January, because the clouds in the central and northern areas were incorrectly identified as high AOD areas, AOD over those areas was greater than 1; On 17 January, the air quality decreased considerably, and the overall AOD increased considerably, exceeding 0.5 in the west and south.



Figure 11 displays AOD images retrieved during the 14–17 October pollution episode. On 14 October, Liwan, Haizhu, Yuexiu, and Tianhe in southwestern Guangzhou had high AODs of greater than 1. Blank areas on the images denote cloud cover or a high AOD. On 15 October, the AOD could not be retrieved because of cloud coverage. On 16 October, the AOD decreased substantially to below 0.4. On 17 October, the AOD increased to higher than 0.5 in some areas of Baiyun and in the south of Guangzhou.




4.2. Comparison with the MODIS Product


The algorithm retrieved a 250-m AOD from the MERSI data for every day in 2015, and then yearly average AOD from MERSI was received. The yearly average AOD from the MODIS aerosol product (MOD04 and MCD19A2) were then obtained. Figure 12 reveals a good agreement between the MERSI and MOD04 AODs, but in the northwest and south areas, MERSI and MOD04 AODs were greater than MCD19A2 AODs, and that may be from the improvement of MAIAC algorithm over brighter surface [28]. The AODs in Guangzhou were generally low. The northeastern area (forest) had low AODs, and the southern urban area and northwestern industrial area had high AODs. Because the resolution of the MERSI data was substantially higher than that of the MODIS data, several sources of air pollution could be identified, such as Baiyun Airport in the north.



The spatial resolution of the MERSI AOD was resampled to 10-km for comparison with the MOD04 AOD. Figure 13 presents a scatter plot of the yearly average AODs of the MODIS and MERSI. Figure 13 shows that the Root Mean Square Error (RMSE) between MERSI and MODIS AOD was small (0.036 and 0.053). However, the range of the yearly average AODs was small (0.38–0.65), the scales (0.466 and 407) were far from 1, and the offsets were larger than 0.3. The correlation coefficient between the MOD04 and MERSI AODs was greater than 0.7, but was about 0.2 between the MCD19A2 and MERSI AODs, because in urban areas, MERSI AODs were greater than MCD19A2 AODs.




4.3. Validation with CE318


The retrieved AOD was validated using the CE318 observation results. To eliminate the spatial and temporal inconsistency of aerosols, MERSI AODs within a range of 10 km around the site were spatially averaged, the ground observation results within an hour of the satellite overpass time were time-averaged, and results with a standard deviation above 40% of the average were excluded. To remove the influence of coarse particles, results with an Angstrom exponent of less than 1 were eliminated.



Figure 14 and Table 3 show a good relationship between the CE318 and MERSI AODs with a correlation coefficient greater than 0.85. The MERSI and CE318 AODs were similar with a proportional coefficient of 1.06. A total of 68% of the results were within the expected error (EE) range of ± (0.05 + 15%τ) [5], and the results outside the EE, accounting for 25%, were mainly attributed to underestimation. As shown in Figure 14, when CE318 AODs were lower than 0.7, MERSI AODs were obviously underestimated, but as CE318 AODs increased, the underestimation decreased. The reason may be that when AODs were low, the errors from surface reflectance were relatively obvious.





5. Conclusions


Although the results derived from our algorithm are in good agreement with ground measurements, three shortcomings should be addressed: (1) the parameters of    ρ  veg      and    ρ  soil      must be calculated over more areas and (2) the fixed aerosol model must be adjusted according to season and location (3) because the results are based on limited data sets, to fully understand the capabilities of our method, more experiments need to be completed in more time periods and more cities.



China continues to launch many new satellites equipped with CCD cameras with wide swaths, such as the WFV cameras onboard the GF-1 and GF-6 satellites and the 16-m cameras onboard the HJ-2A and HJ-2B satellites. Our algorithm can retrieve higher resolution AODs by using the blue band data of CCD cameras. In the future, China will launch more FY-3 satellites equipped with similar MERSI sensors, which will provide data that enables the algorithm to retrieve a larger number of AODs with 250-m resolution.
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Figure 1. The location of CE318 (from ditu.baidu.com) (accessed on 10 January 2021). 
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Figure 2. Flowchart of aerosol optical depth (AOD) retrieval from MERSI 250-m data. 
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Figure 3. AOD from CE318 in 2015. 
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Figure 4. Monthly average proportions of the three components in 2015. 
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Figure 5. Surface reflectance (a) and histogram (b) for Guangzhou. 
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Figure 6. Top of atmosphere (TOA) reflectance in the four bands with different AODs. 
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Figure 7. Scatter plot of the Normalized Difference Vegetation Index (NDVI) versus reflectance in the blue band. 
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Figure 8. Scatter plot of the NDVI versus the ratio a in Equation (2). 
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Figure 9. AOD in four seasons of 2015. 
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Figure 10. False-color (left) and AOD (right) images on 14–17 January 2015. 
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Figure 11. False-color (left) and AOD (right) images on 14–17 October 2015. 
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Figure 12. Yearly average AOD over Guangzhou from MERSI (c) and MODIS (a): MOD04, (b): (MCD19A2) in 2015. 
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Figure 13. Scatter plot of moderate-resolution imaging spectroradiometer (MODIS) (a): MOD04. (b): (MCD19A2) and Medium Resolution Spectral Image (MERSI) AODs. 






Figure 13. Scatter plot of moderate-resolution imaging spectroradiometer (MODIS) (a): MOD04. (b): (MCD19A2) and Medium Resolution Spectral Image (MERSI) AODs.



[image: Remotesensing 13 00920 g013]







[image: Remotesensing 13 00920 g014 550] 





Figure 14. Scatter plot of MERSI and CE318 AODs. 
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Table 1. Characteristics of MERSI 250-m bands from FY-3 satellites.
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	Band
	Central Wavelength (μm)
	Band Width (μm)



	Blue
	0.470
	0.05



	Green
	0.550
	0.05



	Red
	0.650
	0.05



	InfraRed
	0.865
	0.05



	Thermal infrared
	11.25
	2.5
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Table 2. Surface reflectance in the four bands.
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	Band
	min
	max
	mean
	SD
	1st 25%
	2nd 25%
	3rd 25%



	blue
	0.011
	0.137
	0.062
	0.030
	0.034
	0.063
	0.088



	green
	0.035
	0.168
	0.086
	0.027
	0.063
	0.088
	0.107



	red
	0.022
	0.177
	0.082
	0.032
	0.054
	0.085
	0.107



	nir
	0.055
	0.343
	0.233
	0.045
	0.200
	0.234
	0.268
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Table 3. Validation of AODs with CE318 AODs
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	Total
	in EE
	Above EE
	Under EE



	Counts
	28
	19
	2
	7



	Percent (%)
	100%
	68%
	7%
	25%
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