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Abstract. The Advanced Baseline Imager (ABI) on board the Geostationary Operational Environmental Satellite-R (GOES-
R) series enables retrieval of aerosol optical depth (AOD) from geostationary satellites using a multi-band algorithm similar
to those of polar-orbiting satellites’ sensors, such as the Moderate Resolution Imaging Spectroradiometer (MODIS) and Visible
Infrared Imaging Radiometer Suite (VIIRS). However, this work demonstrates that the current version of GOES-16 (GOES-
East) ABI AOD has diurnally varying biases due to errerslimitations in the land surface reflectance relationships between the
0.47 um band and the 2.2 um band and between 0.64 um band and 2.2 um band used in the ABI AOD retrieval algorithm,
which vary with respeetto-the Sun-satellite geometry and NDVI (Normalized Difference Vegetation Index). To reduce these
biases, an empirical bias correction algorithm has been developed based on the lowest observed ABI AOD of an adjacent 30-
day period and the background AOD at each time step and at each pixel. The bias correction algorithm improves the
performance of ABI AOD compared to AErosol RObotic NETwork (AERONET) AOD, especially for the high and medium
(top 2) quality ABI AOD. AOD data for the period August 6 to December 31, 2018 are used to validateevaluate the bias
correction algorithm. Ferthe-top-2-qualities ABH-AOD-afterAfter bias correction, the correlation between_the top 2 quality
ABI AOD and AERONET AOD improves from 0.87 to 0.91, the mean bias improves from 0.04 to 0.00, and root mean square
error (RMSE) improves from 0.09 to 0.05. These results for the bias corrected top 2 qualities ABI AOD are comparable to
those of the corrected high-quality ABI AOD. By using the top 2 qualities of ABI AOD in conjunction with the bias correction

algorithm, the areal coverage of ABI AOD is increased by about 100% without loss of data accuracy.

1 Introduction

Aerosols in the atmosphere such as dust, smoke, pollutants, volcanic ash, and sea spray can affect climate through scattering
and absorption of radiation directly, and through interaction with clouds indirectly (Albrecht, 1989; Rosenfeld and Lensky,
1998; Mahowald, 2011). In addition, aerosols impact air quality and thus affect human health (e.g. Pope and Dockery 2006).

Satellite retrieved aerosol optical depth (AOD), a quantitative measure of the amount of aerosols present in the atmosphere, is
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useful for evaluating aerosols’ effect on climate change (e.g. Yu et al. 2006) and for estimating and forecasting ambient PM. s

concentrations (particulate matter with median diameter < 2.5 um; e.g. Hoff and Christopher, 2009).

AOD from polar-orbiting satellite sensors, such as the Moderate Resolution Imaging Spectroradiometer (MODIS) and Visible
Infrared Imaging Radiometer Suite (VIIRS), is retrieved using multi-channel algorithms (Levy et al., 2007; Levy et al. 2010;
Sayer et al., 2014; Jackson et al., 2013; Liu et al., 2014; Laszlo and Liu, 2016). As a result, AOD from MODIS and VIIRS
has high accuracy, e.g. MODIS dark target AOD has an expected error of £(0.05 +15 %) over land (Levy et al. 2013) and
VIIRS AOD _developed at the National Oceanic and Atmospheric Administration (NOAA) has a bias of 0.02 and standard
deviation of error of 0.11 (Laszlo and Liu, 2016), but the low temporal resolution of polar-orbiting satellites limits the

availability of observations for a given location. In contrast, geostationary satellites such as the United States’ Geostationary
Operational Environmental Satellites (GOES) provide an opportunity for nearly continuous AOD retrievals during daylight
over a hemispheric domain. The NOAA GOES Aerosol and Smoke Product (GASP) retrieved-at-the-National-Oceanic-and
Atmespheric-Administration(NOAA) from the legacy GOES imagers, however, was not as accurate as the MODIS or VIIRS
AOD due to limitations imposed by a single channel retrieval (Prados et al., 2007; Green et al., 2009). GASP AOD was
reported to have a correlation of 0.79 and RMSE of 0.13 compared with AERONET AOD over CONUS (Prados et al., 2007).
The Advanced Baseline Imager (ABI) on the new generation GOES-R series of satellites areis expected to provide AOD
retrievals with accuracies similar to_those from MODIS and VIIRS due to similar instrument design and algorithm science,
combined with high temporal resolution. NOAA launched the first and the second satellites in the GOES-R series, GOES-16
and GOES-17, in 2016 and 2018, respectively (Schmit et al., 2017; https://www.nesdis.noaa.gov/content/goes-17-now-

operational-here%E2%80%99s-what-it-means-weather-forecasts-western-us accessed 6/12/2019September 1, 2020). Each

satellite carries an ABI, which has 16 spectral bands ranging from the visible to infrared wavelengths. GOES-16 is located
at 75.2°W and GOES-17 is located at 137.2 °W. Both satellites observe the continental United States (CONUS) region every
5 minutes and the full hemispheric disk every 10 minutes or every 15 minutes, depending on the scan mode (Schmit et al.,
2017).

The NOAA ABI AOD product has a spatial resolution of 2 km at nadir, compared to 3 km and 10 km from MODIS Collection
6 and 750 m_(NOAA product) and 6 km (NASA product) from VIIRS. The GOES-16 ABI AOD product was released on July
25, 2018, while the GOES-17 ABI AOD product reached provisional maturity {on Jaunary 1, 2019; Definition for provisional

maturity can be found in EOSDIS Glossary;- (https://earthdata.nasa.gov/learn/user-resources/glossary, accessed May 14, 2020}

onJanuary-1-2019:).

The accuracy and precision of VIIRS and MODIS AOD is well documented for use in various decision support systems (Laszlo

and Liu, 2016; Sawyer et al., 2020; Levy et al., 2013; Sayer et al., 2014). The geometries of observations from a geostationary

satellite are quite different from a polar-orbiting satellite; this can lead to differences in the quality of retrieved AOD despite
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the similarity of the AOD retrieval algorithms. It is therefore very important to evaluate the new ABI AOD product and
demonstrate its accuracy and precision at daily and sub-daily time scales. This should allow users to interpret the ABI AOD
product correctly and apply it appropriately in research and operational applications.

In this study, we compare GOES-16 ABI AODs to AERONET AOD:s for a five-month period in 2018 and document a diurnal
bias in the ABI AOD due to deficiencies in the land surface reflectance relationship currently applied in the retrieval algorithm.
The presence of the bias is consistent across the CONUS but its magnitude varies by location. We describe a novel method
that corrects the bias for each AOD pixel and time step. The resultant corrected ABI AOD shows little to no diurnal bias over

a variety of surface types (e.g., urban, rural).

2 Data
2.1 GOES-16 ABI AOD

The GOES-16 ABI AOD data used in this work is from the period of August 6 to December 31, 2018, over the CONUS region.
The ABI AOD data have 2 km spatial resolution at nadir and 5 minutes temporal resolution. Similar to MODIS and VIIRS
AOD, ABI AOD are retrieved using separate algorithms over ocean and over land, due to the different surface characteristics
of ocean and land (Kondragunta et al., 2020; GOES-R AOD ATBD, 2018). Over land, three ABI channels are used in the
retrieval, i.e. 0.47 um, 0.64 um, and 2.2 um. The algorithm assumes linear relationships exist between the surface reflectance
of 0.47 um band and 2.2 um band, and between 0.64 um band and 2.2 um band. The coefficients of the relationships are
functions of NDVI (between 0.86 and 0.64 um channel) and solar zenith angle (GOES-R ABI AOD ATBD, 2018). Other
atmospheric and geographic parameters needed for the retrieval are also inputted, such as surface pressure, surface height, total
column ozone, etc. The algorithm only retrieves AOD over dark surface, when the TOA reflectance in the 2.2 um band is less
than 0.25. The retrieval algorithm contains two steps. In the first step, one of four aerosol models is assumed, i.e. dust, smoke,
urban, and generic, and AOD for each of the aerosol model is retrieved using the 0.47 um and the 2.2 um bands. The algorithm
uses a Look-up-Table (LUT) to perform radiative transfer calculation. The LUT stores reflectances, transmittances and other
quantities for discrete states of atmosphere and Sun-satellite geometries. For each AOD in the LUT, the algorithm performs
atmospheric correction in 2.2 pum band to obtain surface reflectance in that band, and uses the 0.47 um and the 2.2 um band
relationship to obtain the 0.47 um band surface reflectance. TOA reflectance in the 0.47 um band eanis then be-calculated
using the LUT. The AOD for the assumed aerosol model is obtained through interpolation of the two AODs that give TOA
reflectances in the 0.47 um band closest to the satellite measurement. At the end of this step, there are four AOD solutions
from the 0.47 pm band and 2.2 um band, one for each aerosol model. In the second step, one of the four solutions is then

selected as the final retrieval using the 0.64 um channel by looking for the aerosol model that gives a TOA reflectance in that
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aerosel-model—The algorithm does not make retrievals over bright land pixels, pixels covered by cloud or snow, etc. The

AOD retrieval range is [-0.05,5] and any retrievals greater than 5 are marked as out of range.

The retrieval algorithm assigns the pixel level AOD to one of three qualities: high, medium and low. AOD quality is
determined on conditions of the pixels, such as solar/satellite zenith angle, cloud/shadow adjacency, standard deviation of

measured reflectance at a specific band:-the. The full set of criteria used for assigning a quality level is listed in Table 1. High

quality AOD is the most accurate and mestthe one recommended for scientific applications. However, the ABI AOD retrieval
algorithm uses such strict criteria to remove potential erroneous pixels that the number of pixels with high quality AOD is
usually very small. For example, the ratio between the number of the top 2 qualities and the high quality matchup with
AERONET is about 2 (see the following section), while the ratio is 1.2 for NOAA VIIRS AOD (Laszlo and Liu, 2016).
FollowingThe following criteria are used to degrade a pixel from high quality to medium quality: (1) adjacent to a cloudy
pixel; (2) adjacent to a snow pixel within 3 pixels distance; (3) 3x3 standard deviation of 2 km 0.47 pm TOA reflectance is
greater than 0.006; (4) retrieval residual is greater than 0.4; (5) external cloud mask is “probably clear™” (instead of
“confidently clear”). Out of these five criteria, the standard deviation test tends to remove a large number of pixels that are

potentially high quality, i.e. about 65-80% in medium quality land pixels have standard deviation in the 0.47 um band above
the threshold of 0.006. This test is used to remove pixels that are inhomogeneous in TOA reflectance due to the existence of
undetected cloud or snow by the cloud mask algorithm. A similar test is used in the NOAA VIIRS AOD algorithm but with

the 0.41 um band instead of the 0.47 um band (e.g. Huang et al., 2018). The surface reflectance in the 0.41 pum channel is
usually low and therefore does not have much influence in the standard deviation at the TOA for NOAA VIIRS AOD. Over

the CONUS region, from VIIRS data, the 0.41 pm surface reflectance is 0.3-0.4 times the 0.67 pm band surface reflectance
and the 0.47 pm surface reflectance is 0.5-0.6 times the 0.67 pum surface reflectance (Zhang et al., 2016). Therefore, 0.41 pm
surface reflectance is about 20%-50% lower than 0.47 um surface reflectance. However, the ABI does not have a 0.41 um
channel and the algorithm has to use the 0.47 um channel instead. The surface can have a noticeable influence on the standard
deviation in the 0.47 um channel, especially in urban regions where surface reflectance variations are large. To include more
retrieval pixels that are otherwise omitted due to the very conservative screening process for high quality pixels, both high
quality and medium quality pixels are included in this analysis.

The surface reflectance relationship used in the operational ABI AOD algorithm was derived from AERONET matchup dataset
using strict criteria, with cloud screening using that for high quality, low AERONET AOD (<0.2), 5 km within AERONET,

etc., in order to minimize the cloud and aerosol model interference. Details of the criteria can be found in ABI AOD ATBD

(2018).
The NASA Dark Target (DT) aerosol algorithm team applied their DT algorithm on geostationary satellite data such as ABI

and AHI (Advanced Himawari Imager, Gupta et al., 2019). In order to test the bias correction algorithm on other AOD retrieval
algorithms, the GOES-16 ABI DT AOD was obtained from NASA for the month of July 2019. The product covers the full

disk with 10 minutes temporal resolution and 10 km pixel resolution (at nadir).

4
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2.2 AERONET AOD

The AErosol RObotic NETwork (AERONET) is a global ground-based aerosol remote sensing network (Holben et al., 1998).
It uses CIMEL sun photometers to measure spectral sun irradiance and sky radiances. The measurements are then used to
calculate and retrieve aerosol properties. Among them, AOD is one of the main products; it is measured at a subset of 22
different wavelengths from ultraviolet to infrared, i.e. 340, 380, 400, 412, 440, 443, 490, 500, 510, 531, 532, 551, 555, 560,
620, 667, 675, 779, 865, 870, 1020, and 1640 nm-, depending on the specific instrument. Angstrom Exponent (AE) can be

calculated from the multispectral AOD. Besides AOD, AERONET also retrieves other aerosol properties, such as volume size

distribution, refractive index, phase function, and single scattering albedo (SSA). AERONET AOD is considered ground truth
for satellite AOD (Holben et al., 1998) and is used to evaluate the ABI AOD retrievals. AERONET AOD at 550 nm is obtained
through interpolation from other spectral bands so that it can be compared against ABI AOD, which is reported at 550 nm. In
this work, AERONET AOD version 3 level 1.5 is used. Although level 2.0 data have higher quality, they have time delays
such that the latest data were not available during the analysis period. Level 1.5 AERONET AOD data is cloud screened and
quality controlled, with aan up to + 0.02 bias and one sigma uncertainty of 0.02 (Giles et al., 2019).

3 GOES-16 ABI AOD Diurnal Bias

The diurnal bias of ABI AOD is evident when it is compared to coincident measurements of AERONET AOD. The diurnal
bias is most apparent on “clear” days, when AERONET AOD is < 0.05 during an entire day. Comparisons are made on clear
days at six representative-AERONET sites, listed in Table 2. These sites include a range of geographic locations across the
CONUS and different surface types (e.g., urban, suburban, rural), most of which are urban or surfaces with little vegetation.
Matchups at the AERONET sites were made by averaging ABI AOD pixels within a circle of 27.5-km radius surrounding the
site; a minimum of 120 pixels are required to have an effective matchup, which is about 20% of all the pixels within the circle.

These criteria are adopted from the traditional satellite and AERONET AOD matchup procedure {e-g-developed and
recommended by Ichoku et al5-.(2002;-Huang-et-al-2016).)

To illustrate the problem of the diurnal bias of ABI AOD the time series of ABI AOD and AERONET AOD for clear days are
plotted at the representative AERONET sites in Figure 1. As demonstrated in the figure, the number of the ABI top 2 qualities
(high and medium quality) data points are much larger than that of the high quality AOD. For example, on October 18, 2018
at the CCNY site (Figure 1a), which is located in New York City, New York, no high quality ABI AOD data matchup data are

available, but top 2 qualities AOD matchup points exist at nearly all time steps.

The diurnal variation of the ABI AOD bias is observed at all six sites, but the magnitude of the bias varies, with higher bias

observed at the urban/suburban sites (Figures 1a, 1c, 1d, and 1e) compared to the rural sites (Figures 1b and 1f). For all sites,

5
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the bias peaks around 17:00 UTC, when the Sun moves from the east of the satellite to the west of the satellite, as determined
by the location of the satellite, i.e. 75.2°W for GOES-16. The bias curves are nearly symmetric at the two sites with longitudes
close to that of the satellite (Figures 1a, 1b, and 1c), while the bias curves are asymmetric at the sites to the west of the satellite
(Figures 1d, le, and 1f).

There are several potential causes of the diurnal bias observed in ABI AOD, including known sources of uncertainty associated
with calibration, cloud/snow contaminations, aerosol models, and errors in surface reflectance retrievals (Li, et al., 2009). In
the cases shown in Figure 1, all days have low AOD values and continuous AOD measurements from AERONET, indicating
that the influences of the aerosol model selection and cloud contamination are small. Snow contamination is not an issue
because the analysis days are mostly in September and October, before it was cold enough for widespread snowfall. The one
case in December (University of Houston) was not contaminated by snow through visual inspection of the true color (RGB)

images of VIIRS or GOES, which are available on the AerosolWatch website

(https://www.star.nesdis.noaa.gov/smcd/spb/ag/AerosolWatch/, accessed May-5-2020)ttis-rottikehythat the-ditrnalpatterns

TFherefore;September 1, 2020) Therefore, we hypothesize that the most probable reason for the observed diurnal patterns of

the ABI AOD biases is errors in surface reflectance retrievals. Inthe ABI AOD retrieval algorithm, the land surface reflectance
relationships between the 0.47 pm and the 2.2 um band and between the 0.64 um and the 2.2 um band were parameterized, as
described in Section 2.1, and assumed to be functions of solar zenith angle and NDVI. Errors in these parameterizations are
most likely responsible for the observed diurnal pattern of the ABI AOD biases. Fhey-can-cause-errors-in-surfacereflectance
retrievaland-therefore-influence-theretrieval eF AOB-—When the deviation of parameterization from the actual relationship is
large, the AOD retrieval error will also be large. One reason that causes the land surface relation error is that current surface
relationships were derived from the dataset when GOES-16 was located at the test position (89.5°W) instead of the current
operational position (75.2 °W), and so the relationship does not adequately represent the current observation geometry. When

the satellite position changed, the characteristics such as reflectances due to the change in geometry and type of the surfaces

being observed are no longer similar. The other reason is that the relationships are derived using-from training pixels thathave

high-AODB-gualityselected using more strict criteria and therefore the pixels with relaxed criteria such as medium quality pixels

aremay not be represented well by the training set.

The diurnal pattern of biases is also found to be different on different days. As an example, Figure 2 shows the diurnal bias at
GSFC on two additional days in October 2018, the 18" and the 30™. Although the peak of the bias occurs at approximately
the same time on both days, around 17:00 UTC, the magnitudes of the peaks are different. On October 12" (Figure 1a) the
maximum ABI AOD is about 0.25, while it is 0.2 on October 18™ (Figure 2a) and only 0.1 on October 30" (Figure 2b).
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To further illustrate the reasons that cause the diurnal variation of the ABI AOD biases, atmospheric corrections were
performed to obtain the surface reflectance at different times and days for the pixels near GSFC site, i.e. at 17:02 UTC and
20:02 UTC on October 12™, October 18™, and October 30". The atmospheric correction uses the LUT from the ABI AOD
retrieval and the input of the TOA reflectance from ABI, geometries, and AERONET AOD, along with the assumptions of
standard column ozone, water vapor and surface pressure. Because there are four aerosol models in the LUT, the four surface

reflectance values were averaged. In the ABI AOD retrieval algorithm, 0.47 um and 2.2 um bands are used to obtain AOD

and surface reflectance and the 0.64 um band is used to select aerosol model. Therefore, in this analysis, only the surface

reflectance of the 0.47 um and the 2.2 um bands are obtained to illustrate the problem. Figure 3 shows the scatter plots of

surface reflectances at 0.47 pm vs 2.2 pm of the pixels (with high and medium AOD quality) effor the six eceasiensscenarios,

along with the corresponding NDVI histograms.

In the scatter plots, the average of the three days’ solar zenith angle is used to calculate the coefficients of the linear
relationships for each time step for illustration purpose, because the solar zenith angles are close in value for the three days at
each time step with about +2° differences. Here only two lines are plotted because the majority of the pixels have NDVI in

these two categories, as shown in Figure 3 (c) and (d).

At 17:02 UTC, on October 30" 2018, nearly all the pixels fall into the category of 0.3< NDVI < 0.55 and the corresponding
relationship line (orange) passes through nearly the center of the pixel groups. Therefore, the AOD retrieval at this time on
October 30" uses a relationship close to the realityactual one and the AOD retrieved is close to AERONET AOD. On the
other two days, about half of the pixels fall into 0.3< NDVI < 0.55 and another half into NDVI > 0.55. Although the pixels
with 0.3< NDVI < 0.55 uses-close-to-reality-use the relationship_close to the actual one, the pixels with NDVI > 0.55 usesuse

a relation far away from reality and therefore the retrievals have a large bias, i.e. about 0.2. Of these two days, October 12

has more fraction of pixels in the category with wrong relationship and therefore it has a slightly higher bias.

Comparing the two time steps, pixels have lower NDVI at 20:02 UTC than those at 17:02 UTC on the same days. The surface
reflectance is significantly lower at 20:02 UTC, i.e. with mean surface reflectance reduced from 0.06 to 0.04 in 0.47 um band.
Again, October 30" at 20:02 UTC, the pixels use surface reflectance relation of 0.3< NDVI < 0.55, which is also close to the
reahitycorrect one. Although the other two days also use both relationships, both relationships are closer to the reality than the
one with NDVI>0.55 at 17:02 UTC. Therefore, all three cases at 20:02 UTC have retrievals close to AERONET AOD.

The change in NDVI from October 12, 18" to October 30" is most likely due to the change in the colors of the vegetation
during fall, when the leaves of trees turn reddish. Within the same day, due to the change in geometry, NDVI changed. It

should be pointed out that even though at 20:02 UTC the surface relationships used are close to reality, there is still a lot of
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scatteringscatter in_the individual pixels. This can introduce pixel level uncertainty which cannot be observed when averaged
over the area around AERONET site.

4 Bias Correction Algorithm

Now that_the source of the diurnal bias in ABI AOD has been identified, the next step is to develop an algorithm to correct it
by taking advantage of the special characteristics of geostationary satellites. Because the GOES-16 satellite is stationary, the
locations of the image pixels are fixed and the satellite zenith and azimuthal angles remain unchanged. In addition, the solar
zenith and azimuthal angles at a given time of day change little during a relatively short time period;-en-the-erder-of (< one
month:). These features, common to geostationary satellites, were used to design an AOD retrieval algorithm for the legacy
GOES, e.g. the GOES aerosol/smoke product (GASP) (Knapp, 2002a; Knapp et al., 2002b; Knapp et al., 2005; Prados, et al.,
2007). Unlike the GOES-R series satellites, the imager onboard the legacy GOES had only one visible channel that eould

bewas used for AOD retrieval. Inthe GASP retrieval algorithm, to obtain the surface reflectance at the visible channel at each

time step, a composite TOA reflectance was generated such that the second lowest reflectance was chosen from a time period
of the previous 28 days. This reflectance was then used to retrieve the surface reflectance assuming a background AOD of
0.02.

We designed a GOES-16 ABI AOD bias correction algorithm similar to the GASP AOD retrieval algorithm. However, instead
of the reflectance space, the composite bias correction algorithm works in the AOD space. The basic idea to derive the ABI
AOQOD bias is that the minimum of a month ABI AOD at each time step should be close to the background AOD. Therefore,
deviation of the minimum of ABI AOD retrievals during the one-month period from the AERONET-derived background AOD

are assumed to represent a systematic bias. The AOD bias at higher AOD load is estimated to be the same as the one obtained

at the background AOD, which will be proved in section 6 through radiative transfer simulation. The AOD bias can then be

removed from the original ABI AOD by subtraction.

The flowchart of the algorithm is shown in Figure 4. GOES-16 ABI AOD top 2 qualities, i.e. high quality and medium quality,
are used to generate the bias curves in the algorithm, because theythe criteria for high quality AOD are very conservative and

the standard deviation test that moves data from high guality to medium guality is very stringent and throws away a lot of good

retrievals. The top 2 qualities data have much larger area coverage than the high quality data alone. For example, it is not

possible to build a bias curve for pixels near CCNY using high quality AOD data as there are too few data points, as seen in
Figure 1.

In the_bias correction algorithm, ABI AOD (top 2 qualities) over the CONUS with 5 minutes temporal resolution is first

aggregated into 15 minutes temporal resolution. This is because-that GOES can operate in different modes and the observation
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times are different for different modes, even though the time interval between the time steps stays the same for the CONUS
region. Averaging AOD into 15 minutes intervalintervals reorganizes the AOD data into regular time steps. In addition,
averaging AOD also increases data coverage at each time step. At each time step, the algorithm loops through a 30-day period
to look for the lowest AOD for each pixel. In this work, the 30-day time period was selected based on the-experience
developing-the- GASP-algerithm.Prados et al. (2007).  For real-time bias correction, the most recent past 30 days are used,
because future AOD observations, after the date of interest, are not yet available. If the bias correction is being done as part

of reprocessing, such that all the AOD data after the date of interest are available, a 30-day period is used with the date of
interest placed at the center; this period may estimate the AOD bias more accurately. As shown in Knapp et al. (2005), the

optimal time period to obtain a clear day background is not fixed and is dependent on seasons.

Once the optimum 30-day period has been selected, the bias at each pixel and at each time step is estimated using the lowest
AOD during the 30-day period minus the background AOD. The background AOD over the CONUS area is obtained through
an analysis of multi-year AERONET AOD data using the method described in Zhang et al. (2016). The main steps are
summarized here for reference. At each AERONET site i, the lowest 5 percentile of AOD over a 5-year (2012-2016) period
is obtained and is set as the estimate of the background AOD (zi) at the site. Then the background AOD at each site is

interpolated to provide continuous values across the globe using:

T, = ZiWiTi, 1)

Xiwi

where z, is the interpolated background AOD, and z;is the background AOD at site i. The weighting factor w; is defined as a
function of the distance (d;) between the site i and the interpolation point as:

w; = exp(—d;/dy), )
where the constant do is set as 500 km. Using this method, a global map of background AOD is obtained. The background
AOD over the CONUS is found to be low and the variation is also small, i.e. the average background AOD over CONUS is
0.025 and the range is [0.019, 0.033]. Therefore, instead of using various background AOD values at different places in the
bias correction algorithm, a constant background AOD of 0.025 is used, which is similar in magnitude as that used in GASP
algorithm. After the bias at each 15-minute time step is obtained for each pixel, the bias data are fitted to two curves of
polynomial of second order, separated at 17:00 UTC, which is about the time when the bias peaks. This step is used to obtain
estimates of the bias at each 5-minute AOD observation time step and also helps to further smooth the diurnal curve of the
bias. The use of a smoothed curve removes potential random noise from factors such as cloud shadow contamination and
deviations from background AOD at the lowest AOD retrieval. Subsequently, the bias corrected AOD is calculated by

subtracting the bias at each pixel for each time step from the original AOD. Background AOD may change over time in case

some extreme events happen, in which the bias correction algorithm may not work well. In this case, overcorrection in AOD

is expected because the bias is overestimated.
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is shown in Figure 5, where AOD s plotted as a function of time for the 30-day period from September 12 to October 11,

2018. The AOD lower bound is derived from the time period and is shown as red curve. The bias is estimated using the lower

bound minus the background AOD of 0.025. It is then subsequently used to correct the bias for that pixel for the day October
12, 2018.

5 Bias Correction Algorithm Validation

GOES-16 ABI AOD data and AERONET AOD data for the time period from August 6, 2018 to December 31, 2018 are used
to validate the bias correction algorithm. The diurnal bias of ABI AOD data across the CONUS domain was corrected using
the algorithm described in Section 4 and compared to coincident AERONET AOD. The original ABI AOD and the bias
corrected ABI AOD were matched with AERONET AOD using the following criteria: (1) ABI AOD are averaged within the
circle of 27.5 km radius around an AERONET site, requiring at least 120 valid AOD pixels within the circle; (2) AERONET
AOD are averaged within £30 minutes of the satellite observation time and at least 2 AERONET AOD data points exist within
the hour. These are the same criteria that were used to validate the NOAA VIIRS AOD product (Liu, et al., 2014; Huang et
al., 2016).

For the first 30 days of the validation period (August 6 to September 4), the bias correction curves are derived from the same
30 day period. For the remainder of the validation period, the bias correction curves are derived from the 30-day period

immediately prior to the day of interest.

Figure 56 shows scatter plots of GOES-16 ABI AOD vs AERONET AOD for high quality and top 2 qualities of ABI AOD,
before and after bias correction, averaged over the entire validation period and across the CONUS domain. Scatter plots for
both high quality and top 2 qualities are shown, although the bias curves were derived using the top 2 qualities data. In order
for a valid comparison, the AOD pixels in the plots have one-to-one correspondence before and after bias corrections, i.e. the
quality flag does not change and all the pixels are kept even though some of them may be below the lower bound of the
operational GOES-16 ABI AOD product (-0.05) after bias correction. As seen in the scatter plots, the bias correction improves
the performance of the top 2 qualities ABI AOD more than the high-quality ABI AOD, which indicates that the ABI AOD
algorithm does a good job identifying high quality retrievals. Therefore, the ABI AOD retrieval algorithm does a good job
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identifying high quality retrievals, but with limited data coverage compared to the top 2 qualities. For the top 2 qualities ABI
AOD, after bias correction, the correlation between ABI AOD and AERONET AOD improves from 0.87 to 0.91, the total bias
improves from 0.04 to 0.00, and RMSE improves from 0.09 to 0.05. The high-quality ABI AOD shows a small decrease in
RMSE, which improves from 0.06 to 0.05 after bias correction. The results in Figure 56 demonstrate that by applying the
simple bias correction, the top 2 qualities ABI AOD perform as well as the high-quality ABI AOD, but with twice the number
of matchups. In this way, the spatial coverage of ABI AOD is substantially increased, without loss of data accuracy, by using

top 2 qualities in conjunction with the bias correction.

Table 3 shows validation statistics for GOES-16 ABI AOD vs AERONET AOD at the 6 representative- AERONET sites listed
in Table 2. After applying the bias correction, most of the statistics for ABI AOD improve at the six sites, demonstrating the
success of the bias correction algorithm. For example, 5 out of 6 sites have RMSE improved to 0.05 or below. The exception
is the University of Houston site, where the RMSE is still as high as 0.08 after correction, although it is improved from 0.19.
This result may indicate there is still some bias left uncorrected at this site due to its complicated surface with respect to
geometries. The sites in the eastern US have a geometry symmetric to the local noon and therefore the AOD biases are
symmetric to the local noon. The sites in the western US do not have such symmetry and therefore the splitting of
parameterization at noon and using second order polynomials may introduce some errors. The complexity of surfaces over
University of Houston can be seen in Figure 1 (), where two AOD bias peaks are observed, one in the morning and the other
at noon, indicating that the diurnal variation of surface reflectance relationship is different from the other sites, such as GSFC,

CCNY, etc, where AOD biases only peak at noon.

Figure 67 demonstrates the scattering angle dependence of the ABI AOD errors for high quality and top 2 qualities. It can be
seen that the errors before bias correction have strong scattering angle dependency: AODs have positive bias when the
scattering angle greater than 110° and negative bias otherwise; The bias increases with scattering angle, with the highest bias
at 175° bin; top 2 qualities AOD has higher bias than high quality AOD, as expected. The scattering angle dependence of
AOD retrieval bias may be caused by many reasons, in which surface reflectance modeling error is one of the main reasons
(She et al., 2019). After applying the bias correction, the positive biases in both high quality and top 2 qualities for scattering
angle greater than 110° are removed. The standard deviations of the errors are also smaller in most of the bins. The bias

correction does not have much improvements in bias for the scattering angle less than 110° as large as those greater than 110°.

To evaluate the performance of the algorithm for differenta range of AODs, Figure 78 shows the ABI AOD error and standard
deviation in different AERONET AOD bins, with equal number of matchup data in each bin. For high quality AOD, bias
correction reduces bias in the highest two AOD bins, with center around 0.3 and 0.57. In the range [0.1, 0.3], bias correction
over corrects and introduces negative mean bias with slightly larger magnitude than the original mean bias, around 0.01 in

magnitude differences. In the range [0,0.1], AOD mean biases are close to zero both before and after correction, but the bias
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correction AOD error has smaller standard deviation. For the top 2 qualities ABI AOD, bias correction reduces the bias in-the
whele-AODB-rangefor all ranges of AODs with slight over corrections of magnitude of about 0.02 when AOD is greater than
0.1.

Figure 9 shows the maps of the statistical metrics over AERONET sites for the correlation coefficients, mean biases and
RMSEs for the original ABI AOD (top 2 gualities) vs AERONET AOD and for the bias corrected ABI AOD (top 2 qualities)

vs AERONET AOD. As can be seen, over most of the sites, the performances of bias corrected AOD improve compared to

the original AODs. In the original ABI AOD, no geographical pattern of the performances is observed. Especially noteworthy

is that AOD retrievals for some sites that are very close to each other have very difference performance metrics. There are no
AERONET matchup in the western US, because the ABI AOD restrict the satellite view zenith angle to those below 60°. The

western US usually have heavy smokes due to wild fires.

Most of the sites with high bias (around 0.1 or above) and RMSE (around 0.15 or above) before bias correction are urban sites.

For example, Tucson, University of Houston, CCNY, which have already been shown in previous analysis. There are two
sites in Florida have high RMSE, one is Key Biscayne (25.732°N, 80.163°W) and another is SP_Bayboro (27.762°N,
82.633°W). Both of the two sites contain large portion of urban pixels. The two sites Egbert (44.232°N, 79.781°W) and
Toronto (43.790°N, 79.470°W) are only 55 km apart, but the RMSEs have large differences: RMSE at Egbert is 0.09 and that

at Toronto is 0.17. The cause of such difference is most likely because Egbert is a rural site and Toronto is an urban site. After

applying the bias correction algorithm, all these sites have a reduction in mean bias and RMSE. One exception is the site
Grand Forks (47.912°N, 97.325°W) in ND, which has RMSE of 0.17 both before and after the bias correction. The site is
found to have large aerosol load from the transport of the western Canada and northwestern US during the time period.

Therefore, the large RMSE is caused by uncertainty in aerosol model and is not expected to be significantly reduced by the

bias correction algorithm.

Figure Figure-810 shows the monthly mean AOD for September 2018 at three time steps, i.e. 1500 UTC, 1700 UTC and 2000

UTC. At each time step AOD s first composited within 30 minutes and then averaged over the month. A pixel has an

effective mean AOD if there are at least six days with AOD retrievals with high or medium quality. The observed diurnal

pattern across CONUS is similar to examples shown in Figure 1 for some AERONET sites. The morning 1500 UTC and the

afternoon 2000 UTC mean AOD have lower values than that at noon 1700 UTC. After the bias correction, the three time steps

have closer mean AOD, which is expected. By comparing the figures between the original and bias corrected AOD map, one

can see a lot of places have AOD biases of about 0.1 to 0.2. The biases are higher at noon than in the morning and in the

afternoon. These maps also demonstrate that the AOD biases exist not only at the AERONET examples shown in the previous

sections but also in most of the places across the domain.
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Figure 11, analogous to Figure 1, shows the time series comparisons between bias corrected ABI AOD and AERONET AOD
for clear days at the same representative AERONET sites used in Figure 1. Almost all of the large biases in Figure 1 are
reduced to a magnitude < 0.05 after the bias correction procedure. The exception is in the early morning at the University of
Houston site, where large biases remain. This is probably because the second order polynomial fit of the bias correction does
not accurately describe the shape of the AOD biases in this area, which may be the reason why the RMSE of the bias-corrected

ABI AOD is still high at the University of Houston site (Table 3, discussed in previous paragraphs).

Figure 912 shows maps of the top 2 qualities of ABI AOD over the Northeast US at 17:42 UTC on October 18, 2018 before
(Figure 9al2a) and after (Figure 9b12b) bias correction, illustrating the effects of the bias correction on observed ABI AOD.
The black areas in the figures are locations where no AOD was retrieved, primarily caused by cloud coverage. This is a clear
day, with no major sources of ambient atmospheric aerosols. However, before the bias correction, Figure 9al2a shows that
the ABI AOD field is noisy, due to the effects of the surface reflectance on the AOD retrievals. For example, over New York
City, NY area, uncorrected ABI AOD values are as high as 0.5, while the coincident AERONET AOD measurement at the
CCNY site is only 0.02. After the bias correction, Figure 9512b shows that the ABI AOD field is mostly cleared from the
surface effects. Some isolated pixels of slightly higher AODs are still observed in the bias corrected ABI AOD map, which
are likely originated from cloud contamination, with a few due to incomplete bias correction caused by outliers in fitting the
bias correction with a second order polynomial. For comparison, Figure 912 (c) and (d) show MODIS AOD dark target and
deep blue retrievals from Aqua for this day, with overpassing time 17:55 UTC. The bias corrected high and medium quality
ABI AOD compares well with MODIS deep blue AOD in both magnitude and data coverage. MODIS dark target AOD has

much less data coverage, but ABlI AOD also compares well in magnitude in the areas with MODIS dark target AOD data.

Figure 2013 shows histograms of original (uncorrected) and bias corrected ABI AOD pixels over the areas within a 27.5 km
radius circle around the CCNY AERONET site (Figure 48a13a) and the Wallops AERONET site (Figure 10b13b) at 17:42
UTC on October 18, 2018 (the same observation time as the AOD data shown in Figure 912). At the urban CCNY site, ABI
AOD before bias correction ranges from 0 to 0.5, with an average of 0.25, which is much higher than the AERONET AOD
value of 0.02. After correction, the ABI AOD distribution narrows down to a very small range with a peak and average at 0.02

- the same value as AERONET. Wallops is a site with mixed pixels of rural-site, small town and water, and therefore its

surface is darker and more favorable for AOD retrievals. Figure 7b13b shows that uncorrected ABI AOD at the Wallops site
ranges from -0.05 to 0.2, with an average of 0.05, much closer to AERONET AOD (0.03) compared to the matchups at the
CCNY site. After the bias correction, the average ABI AOD is 0.03, identical to the AERONET AOD measurement, and the
distribution of AOD is narrower than before the bias correction.

FheAs hypothesized, the results discussed thus far suggest that the surface reflectance parameterizations in the ABI AOD

algorithm is the main source of the diurnal bias when ABI AOD is close to zero. WhenHowever, when AOD is higher, such
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as during periods of high aerosol concentration, the aerosol model in the ABI AOD algorithm becomes a larger source of bias.
As an example, a case with a moderate aerosol loading is examined. On August 15-16, 2018, smoke aerosols were transported
to the New York City, NY metropolitan area from wildfires burning in the western US and Canada, resulting in AERONET
AODs in the range of 0.4-0.7 at the CCNY site. As shown in Figure 1114, the bias corrected ABI AOD is very close to the
AERONET AOD on August 15 (Figure £3al4a), but much lower than the AERONET AOD on August 16 (Figure 11b14b).
To investigate the reason for this discrepancy in the bias corrected ABI AOD, the statistics of the ABI AOD retrievals were
examined for the 18:12 UTC time step. These statistics are listed in Table 4 for the original ABI AOD pixels within a 27.5
km radius circle of the CCNY AERONET site, which are involved in the average of the matchup with AERONET AOD.
AERONET AOD increases from 0.35 on August 15 to 0.55 on August 16, but the uncorrected ABI AOD remains the same on
August 16 as on August 15. The reason for this discrepancy is that the aerosol models retrieved within the 27.5 km circle are
not the same between the two days. Table 4 indicates that on August 15, the dust model was retrieved primarily (46%), but
on August 16, the urban aerosol was predominant. This aerosol event in August 2018 was dominated by smoke, so it is
surprising that the ABI AOD algorithm did not select the smoke model a majority of the time on these days. The results for
ABI AOD in this case are not unprecedented. The selection of the aerosol model in AOD retrievals over land sometimes does
not perform very well in the NOAA VIIRS AOD retrieval either, e.g. over China (Huang et al., 2016; Wang et al., 2020). The
ABI retrieval uses only four aerosol models for retrieval over land and the real model may be different from every one of them.

Wagner et al. (2018) showed that smoke often carries dust and therefore the aerosol may be a mixture of smoke and dust,

which makes the aerosol selection in the AOD retrieval algorithm more challenging—, especially because we do not have

LUTs for mixtures of aerosols.

Uncertainties in the bias correction algorithm can also be caused by the geometry change within the 30 day period. During
30-day period, the position of the Sun and therefore the solar geometry does change for a given time step. Hence, the surface
reflectance relationship and AOD bias are not constant in the time period. The magnitude of AOD bias variation during the
time period determines the magnitude of the uncertainty of the algorithm. Besides the change in solar geometry, the surface
vegetation color change during seasonal variation may also be a source of uncertainty through its influence on surface

reflectance relationships. The choice of 30-day time period to search for lowest AOD in a given pixel was made with extensive

research done to minimize the solar zenith angle changes and maximize the chance of finding the lowest AOD (Prados et al.,

2007).

surface—Figure-12To demonstrate the effectiveness of the bias correction algorithm and its general applicability, we tested it

on an independent geostationary satellite AOD product. The bias correction algorithm is applied to the DT ABI AOD provided
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by NASA. The data used in this study is for the time period of July 2019. Figure 15 shows the scatter plots of DT ABI AOD
vs AERONET AOD before and after the bias correction for AERONET sites over CONUS. The original ABI AOD has a
correlation of 0.91, mean bias of 0.07 and RMSE 0.09. After the bias correction, the correlation improves to 0.93, the mean
bias reduces to -0.01 and RMSE reduces to 0.05. The original high quality NOAA ABI AOD for the same time period has
similar bias and RMSE as the original DT ABI AOD, but has a lower correlation of 0.82 (the scatter plot not shown here).

The higher correlation coefficient of DT ABI AOD is probably because DT AOD has lower spatial resolution and DT algorithm

selects pixels within 10 km x10 km area by removing the darkest (the darkest 20% over land and 25% over ocean) and the

brightest pixels (the brightest 50% over land and 25% over ocean; Levy et al., 2007; Gupta et al., 2019). The original top 2
gualities NOAA ABI AOD has even lower correlation of 0.79, and it has a mean bias of 0.09 and RMSE of 0.12. After the
bias correction, similar to those in Figure 6, both high quality and top 2 qualities NOAA ABI AOD in this time period have

correlations of about 0.88, mean biases close to 0 and RMSEs of 0.05.

Figure 16 shows the diurnal variation of the ABI AOD before and after bias correction for three AERONET sites on the days
with low AERONET AQOD, i.e. GSFC on July 13, 2019, Tucson on July 4, 2019 and CCNY on July 1, 2019. All three sites

shows a diurnal variation of the AOD biases. Although Tucson and CCNY only have retrievals certain times of the day, the

upward trend in the morning at CCNY and downward trend of in the afternoon at Tucson of dark target ABI AOD are similar

to what have been observed in NOAA’s ABI AOD product in Figure 1. GSFC has a smaller magnitude of peak at noon than

the other two sites but there is an overall positive bias. The diurnal variation at GSFC is also similar to NOAA ABI data shown

in Figure 1 and Figure 2. After the bias correction, biases at all the three sites are reduced. The examples here demonstrate

that the biases observed in NOAA’s ABI AOD product also exist in other geostationary satellite AOD product because the

underlying fundamental question is how well the algorithms can account for surface reflectance contributions to the observed

Top of the Atmosphere (TOA) reflectances. The procedures developed for polar-orbiting satellites that worked so well are not

adequate for geostationary satellite geometries. Either the spectral surface reflectance relationships need to be frequently

updated in the retrieval algorithms or external empirical bias correction to AOD need to be applied.

Diurnal AOD bias variation pattern was also observed over Asia land surface as well as over ocean when the DT algorithm

was applied on Himawari 8 AHI geostationary satellite data (Gupta et al., 2019). The AHI AOD retrieved from DT algorithm

is found to be higher in the morning and lower in the afternoon compared against daily mean. The biases are observed to be

as high as 0.2 and are more serious over ocean for high solar zenith angles. They speculate that the problem may be caused by

the errors in radiative transfer code that does not fully account for the curvature of the earth. Although they claim that they

did not find any systematic artifact over land, such artifact is expected because it exists in DT ABI AOD over CONUS, as

shown in Figure 16 at Tucson and CCNY. Because the bias found in DT AHI AOD is a systematic error, the bias correction

algorithm can also potentially be applied on that product, even if it is caused by radiative transfer model.
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NOAA generates AOD products from its polar-orbiting and geostationary satellites for operational use by the National Weather

Service as well as the Environmental Protection Agency (EPA) air quality monitoring and forecasting applications. For air

guality applications, AOD is often used as a proxy for surface PM2.5 (particulate matter with diameter < 2.5 um). There are

several different ways to scale AOD to surface PM2.5, and the scaling depends on many factors such as relative humidity,

boundary layer height, and aerosol composition but the main input is AOD which indicates quantitatively the amount of

aerosols present in the atmospheric column. Given that other factors contribute to the regression between AOD and PM2.5,

an improved and accurate AOD will influence the accuracy of the estimated surface PM2.5. We tested how the bias correction

of ABI AOD improved the PM2.5. Figure 17 shows scatter plots of the correlation between hourly PM2.5 concentration

measurements from EPA’s ground-based monitor station at Queens College in New York City and GOES-16 ABI AOD before
(Figure 22al17a) and after (Figure 22b17b) bias correction. The correlation between PM2.5 and ABI AOD improves from 0.58
to 0.68 after the bias correction. These results suggest that applying the bias correction to ABI AOD data will improve its use
in air quality monitoring and researehforecasting applications.

6

6 Analysis of Surface Reflectance and AOD biases

In this section, a further analysis of the behavior of surface reflectance bias and its effect on AOD is performed to demonstrate

that it is the source of the AOD bias and the validity of the bias correction algorithm. A radiative transfer simulation is

performed using 6SV (Kotchenova et al. 2006; Kotchenova and Vermote 2007) to demonstrate the equivalence of bias

correction in AOD and surface reflectance bias reduction.

The surface reflectance relationships used in the operational ABI AOD retrieval algorithm are described in the following
equations (ABI AOD ATBD, 2018):

Po47lPosal = (c1 + €205) + (c3 + €485)p2 25 (3)
Where pg 47: Po.sar P2.25.are surface reflectances at the three bands, ci, Co, C3, Ca (different for 0.47 yum and 0.64 yum) are
constants depending on NDVI as shown in Table 5 (Table 3-12 in the ABI AOD ATBD, 2018). s is the solar zenith angle.
NDVI is defined by red (0.64 um) and NIR (0.86 pm) bands at TOA as

A

P086 PO o4
NDVI = Ba85—Rast (4)
Po.86 TP0.64

The equations are obtained using a training data set of full disk ABI-AERONET matchup in the time period of April 29, 2017

—January 15, 2018. The reflectances used as training data to generate Equation (3) were cleared for clouds, screened for low
AODs (< 0.2) using AERONET AODs, and also used reflectances from ABI pixels within 5 km surrounding the AERONET
stations, etc (ABlI AOD ATBD, 2018).
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Because 0.47 um band is used in the AOD retrieval algorithm over land, the analysis is focused on 0.47 um band here. Figure

18 shows the surface reflectance error at 0.47 um band as a function of scattering angle for three different time periods: (a)
April 29,2017 — January 15, 2018, (b) August 6 — December 31, 2018 CONUS, (c) August 6 — December 31, 2018 Full Disk.

This is done to test the fidelity of the surface reflectance estimates derived from Equation (3) when applied to different time

periods other than the time period used in the training data as well as when applied to different region of interest. The surface

reflectance error is defined as the difference between the surface reflectance at 0.47 um band estimated using atmospheric

corrected 2.25 um band as input to Equation (3) and the atmospheric corrected surface reflectance at 0.47 yum band. For the

training data set, errors are close to 0 for all the scattering angles, indicating that the fit is good. For the time period August 6-

December 31, 2018, which is the time period used in this study, errors are positive for small scattering angles (<125°) and

negative for larger scattering angles (> 125°). There are also some differences between full disk data set and CONUS for the

same time period. This figure shows that the behavior of surface reflectance bias is different from what is obtained in the

training when the surface reflectance relationship model is applied to a different time period and/or a different region. This is

the limitation of the approach of using a universal global surface reflectance relationship model and the reason why a post

processing correction of AOD bias is needed unless Equation (3) is updated regularly. .

A radiative transfer simulation study is performed to investigate the AOD retrieval biases due to the surface reflectance errors.

A forward calculation is first performed to obtain TOA reflectance with a set of parameters: surface reflectance at 0.47 um,

solar zenith angle, view zenith angle, relative azimuthal angle, AOD, and aerosol model. The surface reflectance is then

perturbed with a known bias and AOD s retrieved using the same TOA reflectance. The difference between the retrieved

AOD and the input AOD in the forward calculation is the bias due to surface reflectance error. These simulations were

performed using the ABI AOD retrieval code and LUT over land (developed based on 6SV radiative transfer model,

Kotchenova et al. 2006; Kotchenova and Vermote 2007), in which four aerosol models are used, i.e. generic, urban, smoke,

dust. Standard atmospheric conditions were assumed. The parameters used are listed in Table 6. In the retrieval step, aerosol

model is assumed from the four aerosol models. Therefore, there are totally sixteen combinations between the input and the

retrieved aerosol models.

The AOD biases obtained in each configuration are grouped by input AOD, surface reflectance, and surface reflectance bias.

The mean and standard deviation are calculated and the results are shown in Figure 19. As expected, a negative surface

reflectance error introduces a positive AOD error. The corresponding mean AOD bias does not change much with respect to

AOD load when AOD is small (less than or equal to 0.5). However, there is a positive increase in the mean bias and a larger

standard deviation when AOD is 1.0. This is due to the uncertainty in aerosol model selection. This can be seen in the figure

where surface reflectance bias is 0 and the AOD bias is exclusively coming from aerosol model selection error, which tends

to give a positive mean AOD bias (about 0.06) and a larger standard deviation (about 0.4).
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One can prove that the bias correction procedure proposed in this work is valid through this simulation study. In the bias

correction algorithm, the AOD bias for a pixel at 0.025 background AOD load is obtained from a 30-day composite procedure,
which corresponds to the simulated AOD bias when AOD is 0.025. As shown in Figure 19, the AOD biases at higher AOD

are of the similar magnitude as that at 0.025 background AOD if the surface reflectance bias is the same, especially for the

negative bias of surface reflectance. For a given pixel, the surface reflectance bias originated from the surface reflectance

model is assumed to remain constant during the 30 day period and does not change with AOD load. Therefore, AOD biases
at higher AOD load can be estimated by the AOD bias obtained at background AOD of 0.025.

7 Summary and Conclusions

In thispaper;our validation work of GOES-16 ABI AOD, we noticed a substantial diurnal bias in the GOES-16-ABI-AODbias
is-identified AOD that needed to be fixed for our operational users. Analysis shows that the bias is caused by errors in the land

surface reflectance relationship between the spectral bands used in the ABI AOD retrieval algorithm. To remove the biases,
an empirical algorithm is developed that utilizes the lowest AOD in a recent 30-day period in conjunction with the background
AOD to derive a smooth bias curve at each ABI AOD pixel. The ABI AOBAQODs are then corrected by subtracting the derived

bias curves at each time step.

The bias correction algorithm is validated for five months of GOES-16 ABI AOD data through eemparisencomparisons against
coincident AERONET AGDAODs. The results demonstrate that the bias correction algorithm works successfully: for the top
2 qualities of ABI AGDAOQODs, the correlation with AERONET AOD, average bias, and RMSE all improve. As a result of the
bias correction, top 2 qualities ABI AOD performs as well as uncorrected high-quality ABlI AOD. Therefore, bias corrected
top 2 qualities ABI AOD data are recommendrecommended for use in research and operations;-sinee-they. The bias corrected

AODs cover twice the area as high-quality ABI AOD data alone with the same accuracy.

The ABI AOD bias correction process is most effective when AOD is low because under those conditions, the surface
reflectance relationship is the main source of uncertainty in the ABI AOD retrieval. When AOD is higher, the uncertainty
from the aerosol model selection in the ABI AOD retrieval algorithm becomes as large as or larger than that from the surface
reflectance relationship, and therefore the bias correction for high AOD conditions is not as effective as that for low AOD

conditions.

The surface reflectance relationships in the ABI AOD retrieval algorithm will be improved when more GOES-16 data are
accumulated and analyzed. However, these relationships are based on AERONET sites and they are statistical models.
Therefore, individual AOD pixels will always suffer to some degree from deviation in the statistical relationship and some

bias will always exist, although it may be reduced by a more accurate surface reflectance relationship. Hence, future versions
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of the GOES ABI AOD product may still benefit by applying the bias correction algorithm, unless the AOD retrieval algorithm

uses pixel level surface reflectance relationships——On-the-other-hand,—n-th

The bias correction algorithm has a general applicability. It can also be applied to other geostationary AOD products, which

may also suffer the bias described in this research; especially, if the AOD algorithms are similar relying on deriving surface

reflectance from relationships between blue band and SWIR band. We tested and demonstrated that the performance of

NASA'’s dark target ABI AOD is improved by applying the bias correction algorithm. The existence of bias in NASA’s dark

target algorithm indicates that the bias issue is a more general problem rather than only existing in NOAA’s ABI AOD product.

Therefore, other geostationary AOD products can benefit by applying the bias correction technique introduced in this research.

Data Availability

GOES-16 ABI AOD can be obtained at NOAA CLASS (https://www.avl.class.noaa.gov/ ; accessed on 5/29/2020).
AERONET AOD can be obtained at https://aeronet.gsfc.nasa.gov/ (accessed on 5/29/2020). The data produced from the bias

correction algorithm can be requested by contacting Hai Zhang (hai.zhang@noaa.gov)._The bias corrected ABI AOD product

will be implemented and available in near-real-time on NOAA’s data server.
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Figure 1: Time series of GOES-16 ABlI AOD and AERONET AOD at 6 representative AERONET sites: (a) CCNY on October 18,
2018, (b) Wallops on October 18, 2018, (c) GSFC on October 12, 2018, (d) Tucson on October 25, 2018, (e) University of Houston on
December 22, 2018, and (f) Table Mountain on September 12, 2018, showing the diurnal variations in the ABI AOD bias. Details
about the AERONET sites are listed in Table 2. Clear days are selected such that AERONET AOD are < 0.05 throughout the entire
day. “G16 High” represents GOES-16 high quality AOD and “G16 Top 2” represents GOES-16 high quality and medium quality

AOD.
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Figure 3. Scatter plots of surface reflectance on 0.47 um band and 2.2 um band for three days, i.e. October 12", October 18™, and
October 30t 2018, at GSFC at (a) 17:02 UTC and (b) 20:02 UTC, and histograms of NDV1 for the three days at (c) 17:02 UTC and
(d) 20:02 UTC. The lines on the scatter plots are the surface reflectance relationship between 0.47 pm band and 2.2 pum band used
in the ABI AOD retrieval algorithm.
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Figure 4. Flow chart of the ABI AOD bias correction algorithm.
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Figure-5. Scatter plots of GOES-16 ABI AOD vs AERONET AOD for August 6, 2018 to December 31, 2018 across the CONUS
domain: (a) high quality ABI AOD before bias correction, (b) top 2 qualities ABI AOD before bias correction, (c) high quality ABI
AOD after bias correction, and (d) top 2 qualities ABI AOD after bias correction. The red circles and vertical bars are the mean
ABI AOD and the standard deviation of errors of data points falling in the bins with size of 0.2. In the plots, N is the number of
matchups, R is the correlation coefficient, and RMSE is the root mean square error.
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Figure 9. Maps of correlation coefficients, mean biases and RMSEs at AERONET sites for the time period August 6-December 31,

2018 for the original ABI AOD (top 2 qualities) vs AERONET AOD (left column) and for the bias corrected ABI AOD (top 2

qualities) vs AERONET AOD (right column).
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for the original ABI AOD (left column) and bias corrected AOD (right column).
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AERONET sites, at 17:42 UTC on October 18, 2018. The black vertical lines in the figures represent AERONET AODs.
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|790  Figure 1114. Time series of original (uncorrected) GOES-16 ABI AOD, bias corrected ABI AOD, and AERONET AOD at the CCNY
AERONET site on (a) August 15, 2018 and (b) August 16, 2018, showing the difference in bias corrected ABI AOD relative to
AERONET AOD on two consecutive days with moderate aerosol loading.
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Figure 16. Diurnal time series over three selected AERONET sites and days with low AERONET AOD for NASA ABI AOD (a)
GSFC July 13, 2019; (b) Tucson July 4, 2019; (c¢) CCNY July 1, 2019.
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Figure 17. Scatter plots of hourly PM2.5 vs GOES-16 ABI AOD at an EPA station at Queens College in New York City during
820 August 6 — December 31, 2018: (a) GOES-16 ABI AOD before bias correction; (b) GOES-16 ABI AOD after bias correction.
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Quality Level Condition

No retrieval Invalid input data, Cloud, Snow/ice, Bright land surface,

Sun glint over ocean

Low External and internal cloud tests contradict, Low
satellite (satellite zenith angle > 60°), Low sun (solar
zenith angle > 80°), AOD out of range, Coastal, Shallow

inland water, High residual, High inhomogeneity

Medium Cloud/Snow adjacency, Shallow ocean, Probably clear,

Medium inhomogeneity, Medium residual

High Remaining

Table 1. Conditions for quality levels of ABI AOD pixels.

850
Site Name Location Coordinates Type
City College of New York )
New York City, NY, USA | 40.821°N, 73.949°W Urban
(CCNY)
RuralMixed rural, small
Wallops Wallops, MD, USA 37.933°N, 75.472°W
town, and water.
Goddard Space Flight
Greenbelt, MD, USA 38.992°N, 76.839°W Suburban
Center (GSFC)
Tucson Tucson, AZ, USA 32.233°N, 110.953°W Urban
University of Houston Houston, TX, USA 29.717°N, 95.341°W Urban
Table Mountain Longmont, CO, USA 40.125°N, 105.237°W Rural
Table 2. Details about the representative AERONET sites used as examples to illustrate the range of the observed diurnal bias in
GOES-16 ABI AOD.
855
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it N R Slope Intercept Bias RMSE
ite
Before | After | Before | After | Before | After | Before | After | Before | After
City
College of
2810 0.81 0.89 | 1.40 0.78 | 0.07 0.01 0.12 -0.01 | 0.15 0.05
New York
(CCNY)
Wallops 4267 0.95 0.89 | 1.16 0.74 | 0.02 0.02 0.04 -0.01 | 0.05 0.04
Goddard
Space
Flight 3972 0.86 0.90 | 1.33 0.91 | 0.02 0.00 0.06 -0.01 | 0.09 0.04
Center
(GSFC)
Tucson 4507 0.47 0.66 | 3.64 1.22 | -0.01 0.02 0.11 0.03 0.16 0.04
University
2197 0.57 052 | 1.95 1.10 | 0.05 -0.02 | 0.15 -0.01 | 0.19 0.08
of Tucson
Table
) 3695 0.92 094 | 1.19 1.06 | 0.01 0.01 0.03 0.02 0.07 0.05
Mountain

Table 3. Validation statistics for comparisons between GOES-16 ABI AOD (top 2 qualities) and AERONET AOD at the 6
representative AERONET sites listed in Table 2 for August 6, 2018 to December 31, 2018 across the CONUS domain, both before
and after bias correction. N is the number of matchups, R is the correlation coefficient, and RMSE is the root mean square error.

Average | Total AERONET | Dust Generic Urban Heavy smoke
GOES- | number | AOD N (%) AOD [N (%) |AOD|[N (%) |[AOD|N %) |AOD
16 AOD | of
pixels
20180815 | 0.82 41 0.35 19 0.87 |3(7%) | 0.84 |10 051 |9 1.05
(46%) (24%) (21%)
20180816 | 0.80 246 0.55 50(20%) | 1.04 | 28 0.74 | 101 0.60 | 67 0.94
(11%) (41%) (27%)

Table 4. Statistics of original (uncorrected) ABI AOD and AERONET AOD retrievals at the CCNY AERONET site on August 15
and 16, 2018 for the 4 aerosol models used in the ABI AOD algorithm.
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Channels cl c2 c3 c4
(um)
NDVI >0.55
0.47 vs. 2.25 | 1.436330E-02 2.060893E-04 1.749239E-01 -2.859502E-03
0.64 vs. 2.25 | 1.374160E-02 -5.128175E-05 2.761044E-01 1.034823E-03
0.3 <NDVI <0.55
0.47 vs. 2.25 | 4.163894E-02 -2.147513E-04 1.598440E-01 7.401292E-04
0.64 vs. 2.25 | 2.990101E-02 -1.873911E-04 4.602174E-01 9.658934E-04
0.2<NDVI<0.3
0.47 vs. 2.25 | 5.154307E-02 5.679386E-05 2.048702E-01 -7.064656E-04
0.64 vs. 2.25 | 5.179930E-02 -1.043257E-04 4.937035E-01 4.310074E-04
NDVI <0.2
0.47 vs. 2.25 | -4.990575E-02 | 2.138207E-03 8.498076E-01 -1.179596E-02
0.64 vs. 2.25 | -3.397737E-02 | 1.640336E-03 1.087497E+00 -9.538776E-03

Table 5. Surface reflectance relationship coefficients used in equation (3). (Table 3-12 of ABI AOD ATBD 2018)
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Parameters Values

Solar zenith angle 30°-60° with 10° interval
View zenith angle 30°-60° with 10° interval
Relative azimuthal angle 0°-180° with 20° interval
Aerosol model Generic, urban, smoke, dust
Surface reflectance at 0.47 pm 0.04, 0.05, 0.07

AOD 0.025,0.1,0.2,05,1.0
Surface reflectance bias at 0.47 ym -0.02, -0.01, 0, 0.01

880

Table 6. Parameters used in AOD uncertainty simulation due to the surface reflectance uncertainty.
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Dear Andy and anonymous reviewers,

Thank you for the thorough second review of our manuscript. We have carried out several analyses and
theoretical calculations to address the concerns you raise. Details are given below as responses to
individual editor/reviewer comments but here is a high-level summary of the work we did to address the
comments:

(1) We obtained one month of GOES-16 ABI AOD retrievals derived using NASA MODIS Dark
Target (DT) algorithm from Rob Levy and Pawan Gupta (personal communication) and applied
our bias correction algorithm. We demonstrate that NASA DT ABI AOD also has a diurnal bias
and the bias is reduced by using our bias correction algorithm;

(2) We added a new section 6 to discuss surface reflectance errors. We show how the
parameterization for spectral surface reflectance relationship between 0.47 um and 2.2 pm that is
dependent on solar zenith angle and NDVI developed using data for a certain time period and
geographical coverage can lead to errors when applied to a different time period and different
geographical coverage. These errors translate into errors in AOD. We note that when we
developed the parameterization as a function of solar zenith angle, we found the fitting error has
little dependence on the scattering angle. Since the view zenith angles are fixed for geostationary
satellites, we were hoping an explicit function of solar zenith angle would help better capture the
diurnal variation. As you suggested to include scattering angle in the surface relationship, our on-
going efforts on updating the surface reflectance relationship did find a parametrization
dependent on solar and view zenith angles, and scattering angle could better capture the overall
diurnal variation of AOD. This conclusion was reached in a series of empirical exercises, the
description of which is beyond the scope of this paper.

(3) We also conducted radiative transfer simulations to demonstrate that error in the estimated
surface reflectance and incorrect aerosol model selection are the two dominating sources for
AOD bias with surface reflectance being the main source, especially when AODs are low.

(4) We also conclude that while updating the parameterization frequently to minimize the AOD bias
is an option, it is not practical. Even if it is done, biases will remain because the parameterization
will never be 100% accurate. This in fact is, and will be, a problem for any similar aerosol
retrieval algorithm. Until now the aerosol remote sensing community spent time understanding
polar-orbiting satellite geometries and retrieval accuracies, and the community has just begun to
work with the geostationary satellite measurements. The one paper published by Gupta et al.
(AMT, 2019) on Himawari-8 AOD retrievals using DT algorithm also shows diurnal bias but the
authors have not probed the causes of that bias.

Given below are our responses (normal font) to individual reviewer comments (bold font).

One of the reviewer criticisms of the original work was limited scope: a post-retrieval correction to
an operational retrieval scheme, rather than an improvement to the algorithm, or something which
could be applied more broadly. Although I understand from an operational point of view why this
would be done, reviewers questioned whether this is something which warrants a journal
publication, or would be better served as a technical report. One reviewer feels the same about the
revised version, as the level of technical detail doesn’t provide a direct path to broader applicability
or to improving the algorithm in the future. I lean in this direction. The bias correction is in essence
a quadratic fit to AOD compared to a reference point taken as unbiased. That is not a particularly



detailed approach: it’s great it works, but that doesn’t mean it’s got enough broad interest,
applicability, or detailed physics shown for a publication. The reviewer’s comments are reproduced
here:

We tested the general applicability of the bias correction algorithm on an independent algorithm, the
MODIS Dark Target (MODIS DT) algorithm, run on one month of GOES-16 ABI L1B data. The
MODIS DT ABI AOD product was obtained from NASA. That product is at 10 km resolution and for
the full disk. The results show that the MODIS DT AOD retrievals also exhibit similar bias pattern. The
NOAA bias correction algorithm, when applied to the GOES-16 ABI NASA DT AOD, effectively
reduced the bias. The results and additional analysis in the revised paper also indicate that the bias issue
is inherent to the DT retrieval approach and needs to be addressed. The bias correction algorithm reduces
the AOD bias at pixel level. Because the surface reflectance relationship is derived from an ensemble of
pixels representing reflectances from a large variety of surfaces, even if it was improved inside the
retrieval algorithm, it would not exactly represent the true relationship for a particular pixel and for a
particular situation (time of the day, season, surface type). In the revised paper, we use radiative transfer
simulations to demonstrate that the empirical bias correction is similar to fixing surface reflectance bias.

“For the sake of brevity, I will address the first response of the author as I think the other questions
are more technical and not so defining of the nature of this study.

The issue | raise is that | see very little value in a study that limits itself to obtain a correction
without addressing the underlaying causes. This study provides a fix to a remotely sensed product
using a methodology that seems to work but does not shed any meaningful light on nature of the
problem causing the discrepancies first noted. While the methodology seems reasonable, the study
does not stand out above a technical report offering a nudge to fix to an operational product.

I acknowledge that in an operational setting and near real time situations, speed is important and
as long as the end product is satisfactory, ends justify the means to achieve the desired result.
However, for scientific applications the correspondence between end product (in this case AOD)
and connection with the physical process in the modeled retrieval is essential. This is the weakness
of this study and it fails to make the point why this is of scientific interest if there are not causative
demonstrations of the problem such as radiative transfer study, exploration of different surface
databases or comparisons with other satellites. As written this study reads as technical report
addressing a correction needed because the end product does not match well with independent
observations.

This is an approach in addition to the traditional approach based on physical principles because the
uncertainty in Bi-directional Reflectance Function (BRF) model is transferred to AOD; improving AOD
is the same as improving BRF. The approach in this paper solves the problem in AOD space instead of
BRF space, which is different from the traditional approach. The traditional approach uses a satellite-
AERONET matchup dataset to generate spectral surface reflectance relationships and then assumes these
relationships can also be applied to surfaces at other places where AERONET stations are not present.
Even at the AERONET sites, the surface reflectance relationships have large uncertainty that translates to
uncertainty in the retrieved AOD. The bias correction algorithm proposed here can reduce that
uncertainty in AOD. More importantly, it does not rely on AERONET surface and therefore can be



applied uniformly without assuming that the relationships derived over AERONET stations are valid
everywhere.

As the reviewer requested, in the revised version of the paper, we added additional validation, analysis
and radiative transfer studies on the bias correction approach to demonstrate the validity and applicability
to AOD product from another retrieval algorithm, i.e. NASA’s DT algorithm.

In the rebuttal, authors suggest similar approaches have been reported but the examples provided
are not convincing. The Lary et al(2009) study is one the first Al papers using MODIS aerosol
observations and it is already more than 10 years old. Yet it has not resulted in corrections
currently implemented anywhere in the MODIS (and other sensors to my knowledge) algorithms.
The Gupta et al (2016) from the MODIS DT group restricts its applicability to very specific scenes
where there are very clear and well-defined algorithm deficiencies. The corrections reported in
Gupta et al (2016) study are only applicable to those conditions (urban areas). In contrast, the study
under consideration here has a much larger scope (whole continental USA) with no much
discussions of specifics of the scenes under considerations. In comparison with Gupta et al (2016),
this study does not show the same level of detailed and specific analysis. Overall, in one case, the
correction provided did not seem to have any meaningful impact or correction in the final product
and in the other case, the corrections developed were well defined where they should be applied and
it did result in a modified algorithm when those conditions happened.

We respectfully disagree with the reviewer’s opinion that our bias correction algorithm does not have a
more general use. At NOAA, we always get requests from users for historic data and when we get a
request, we provide the original ABI data along with bias corrected AODs. In fact, to compare the nature
of our bias correction with the one published by Gupta et al., their approach is also ad hoc and in fact we
find it internally inconsistent. The Gupta et al. approach uses MODIS surface reflectance product derived
from a different land algorithm as a starting point. In that land surface reflectance algorithm, aerosol
optical depth is also simultaneously derived using atmospheric correction algorithm where spectral
surface reflectance ratios are prescribed. Therefore, the surface reflectance relationship fix derived in
Gupta’s approach depends on the relationships assumptions in the surface reflectance product and AOD
derived. Unlike Gupta et al. algorithm that identifies urban areas based on certain criteria and applies a
correction to AOD over those surfaces, our algorithm does not have to know a priori what the surface
type is. It inherently identifies an error in AOD over surface types where the spectral surface reflectance
relationships lead to errors.

Of course, one would like to improve the accuracy within the AOD retrieval algorithm itself and not in
post processing. Such effort is under way, and it is waiting for implementation in routine runs so a
sufficiently large sample could be obtained to evaluate its effectiveness.

Overall, if the goal is a proposed methodology that it can be used elsewhere (other sensors, other
algorithms) , this study can be of value even there is no addressing of the core surface reflectance
problem. However, if this was the case, the authors should expand the methodology and
demonstrate that it is usable in other settings/sensors/algorithms. This study as it is now is a well
explained report on how an ad-hoc correction was derived and demonstrated to achieve its
objective in correcting the differences observed.

The application of the bias correction algorithm to NASA’s dark target ABI AOD retrievals has been
added in the revised paper. Section 5 describes the application of our bias correction to DT algorithm
applied to GOES-16 ABI for the month of July 2019. The results show that the bias in the NASA GOES-
16 ABI AOD is reduced when the bias correction algorithm is applied.
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Given the nature of this journal with its emphasis on operational and algorithmic atmospheric
studies, I think this manuscript is border line with regards to publication. But ultimately, I think
this should be an Editorial decision.”

I also note that the Gupta et al (2016) paper mentioned has resulted in algorithmic updates to the
algorithm in question there (MODIS Dark Target aerosols) — an algorithm change to the surface
reflectance model, not a post-processing bias correction to the retrieval output (as in this
manuscript).

Our approach is more self-consistent because we are correcting the bias due to our own prescribed surface
reflectance relationships. Gupta et al. approach is based on surface reflectance relationship from a
separate land surface reflectance product. The MODIS surface reflectance product itself has high
uncertainty in urban regions. In order to update the AOD algorithm with new spectral surface reflectance
ratios, we have to first acquire a few years of data covering all seasons. This data gathering was
especially difficult because the satellite was initially in a test position and then moved to its operational
location. In its two different positions, the satellite was viewing different domains and the characteristics
of these domains such as surface reflectance are different. It is easier to apply a correction post retrieval
instead of waiting a long time to collect the data, analyze the data, derive new surface reflectance
coefficients etc. Especially because unlike NASA, NOAA does not do frequent reprocessing; we have to
provide users with the best operational product that we can generate.

In principle, the bias correction could be made part of the AOD retrieval algorithm, in which case it
would become an algorithm change, applied to all pixels, that is all surfaces, not just urban. Also, in
principle, the bias-corrected AOD could then be applied to derive a surface reflectance that would be
consistent with the bias-corrected AOD and the satellite-observed reflectance. But since the purpose of
the algorithm is AOD retrieval such a step would be unnecessary. It just goes to show that when the bias-
correction improves the AOD it would also improve the surface reflectance.

Of course, one would like to improve the accuracy within the AOD retrieval algorithm itself and not in
post processing. Such effort is under way, and it is waiting for implementation in routine runs so a
sufficiently large sample could be obtained to evaluate its effectiveness.

Line 430 says that the data processed using the correction algorithm are available from the author.
But my impression from the paper is that this was being done in real-time as a correction to the
operational product (i.e. one can get these retrievals now through the standard data server)? Is this
not the case? If not, then my suggestion is to withdraw this paper and include some of this material
in a follow-up improved algorithm paper; you note in your Response to Reviewers that “Improving
the spectral surface reflectance relationships is the subject of an independent, parallel work, and
thus it is not discussed in the current paper”. However for me that the most interesting part is
identifying the cause of the bias (which is partially discussed here) and fixing it (which is stated to
be TBD). Either that or work on making the bias correction even better.

If this IS being implemented in the operational product (or will be within the coming month or so),
a second path forward would be to expand the parts covering the existing surface model and
showing why it is the main problem, as well as expanding the validation analysis with more (spatial)
results to make this more informative for data users. | note that you added some additional



material to the revised manuscript, and appreciate those efforts, but think that more would be
needed. Some comments and suggestions from me are below:

We view the improvement of the current AOD algorithm by improving the surface reflectance estimation
and application of the bias correction as two separate activities but having the same goal. The bias
correction has the additional benefit that, in principle, the idea can be applied to any sensor and algorithm,
while the improved ABI surface reflectance relationship is only applicable to ABI.

We will implement the bias correction algorithm soon and will provide the data in near-real-time on the
NOAA ftp server. We think that even if we update/revise the spectral surface reflectance relationship in
the algorithm, we may still need to apply the external bias correction to the derived AODs.

The paper notes that the surface reflectance relationship is a function of NDVI and solar zenith
angle, yet there is a clear solar angle dependent bias in the AOD retrievals at some of the sites
shown in Figure 1. | went to the GOES-R ATBD cited as the source of these relationships and it
says that they were empirical based on collocated ABI and AERONET data. However the ATBD
does not show these relationships.

The relationships are shown in p41 of ATBD
(https://www.star.nesdis.noaa.gov/smcd/spb/ag/AerosolWatch/docs/GOES-

R_ABI AOD_ATBD V4.2 20180214.pdf) and we also copied them in the response to reviewer #1.
Following is the relationships and they are also included in the revised paper.

The surface reflectance relationships obtained are described in the following equations:

Po.a7lPosal = (c1 +¢205) + (c3 + c4085)p225

where po.47, Po.ssr P2.25 are surface reflectance at the three bands, c1, ¢z, s, s are coefficients depending
on NDVI1 as shown in Table 3-12 of the ATBD (shown in the following), 0s is the solar zenith angle.
NDVI is defined by red (0.64 um) and NIR (0.86 um) bands at TOA as

pTOA_pTOA
NDVI — 0.86 0.64

TOA, -TOA °
0.86 TPo.64


https://www.star.nesdis.noaa.gov/smcd/spb/aq/AerosolWatch/docs/GOES-R_ABI_AOD_ATBD_V4.2_20180214.pdf
https://www.star.nesdis.noaa.gov/smcd/spb/aq/AerosolWatch/docs/GOES-R_ABI_AOD_ATBD_V4.2_20180214.pdf

Table 3-12. Coefficients in the spectral surface reflectance relationship for
different ranges of NDVI.

Channels (um) c | c2 | s | cs
NDVI =z 0.55
0.47 vs. 2.25 1.436330E-02 2.060893E-04 1.749239E-01 -2.859502E-03
0.64 vs. 2.25 1.374160E-02 -5.128175E-05 2.761044E-01 1.034823E-03
0.3 <NDVI<0.55
0.47 vs. 2.25 4.163894E-02 -2.147513E-04 1.598440E-01 7.401292E-04
0.64 vs. 2.25 2.990101E-02 -1.873911E-04 4.602174E-01 9.658934E-04
0.2<NDVI<0.3
0.47 vs. 2.25 5.154307E-02 5.679386E-05 2.048702E-01 -7.064656E-04
0.64 vs. 2.25 5.179930E-02 -1.043257E-04 4.937035E-01 4.310074E-04
NDVI< 0.2
0.47 vs. 2.25 -4.990575E-02 2.138207E-03 8.498076E-01 -1.179596E-02
0.64 vs. 2.25 -3.397737E-02 1.640336E-03 1.087497E+00 -9.538776E-03

So one good way to expand the paper would be to show these relationships and then also look at
whether the scatter around the relationships in the training data set shows systematic behaviour as
a function of e.g. view zenith or scattering angle. Adding this sort of material could better support
the conclusion that it is the surface model which is the main problem here. Figure 6 shows that the
errors in AOD are a function of scattering angle but the paper is missing the link that it is surface
that’s the biggest component. I think we need to see the training data, and ideally retrieval
simulations where a known surface error is introduced.

We thank the reviewer for this suggestion. We have analyzed how errors in the parameterization
(goodness of the empirical fit) can lead to AOD bias. First, training data used to derive the spectral
surface reflectance relationship is collected at ABI-AERONET match-ups over full disk domain for the
time period of 04/29/2017 — 01/15/2018 with the same cloud screening methods as those for high quality
AOD retrievals to ensure clear sky pixels. Additional criteria are also applied to further filter the training
data such as low AERONET AOD, spatial area around AERONET sites, etc. We probed why the bias
varies with space and time, and in the paper used matchups with AERONET stations and regional AOD
maps to demonstrate the problem. There are several reasons why the actual surface relationship can be
different from the one obtained from the training set. (1) Individual pixelss AERONET sites/regions can
be different in characteristics when compared to the whole data set. In the study, we use CONUS data
instead of the full disk. We also showed analysis of an example at GSFC. For the data points shown in
Figure 3 (a) and (b), the correlation between surface reflectances at 0.47 um and 2.2 um is very poor with
a correlation coefficient of 0.4-0.7, depending on the date and time. The majority of points do not follow
the general relationship derived using the full disk data. (2) The time period matters. We found that AODs
over different time periods have different biases. For example, for July 2019, the original NOAA ABI
high quality AOD has a bias of 0.06, which is similar in magnitude to the bias in the NASA’s dark target
AOD (in the revised paper), however, it is much higher than the bias of 0.01 in August-December 2018
(in the paper). In the paper, we also show three different days at GSFC as an example to demonstrate how
different the real surface relationship is from the universal model at an individual site and time. (3) The
training data used for deriving the surface reflectance relationships was constructed by using pixels from
an area around the AERONET sites that is smaller than the area used in the validation, have low



AERONET AOD, and screened for the presence of clouds using criteria that essentially selects pixels
with only high quality ABI AOD. Application of the surface reflectance relationship to other pixels,
especially medium quality pixels, shows a degradation of ABI AOD against AERONET AOD.

We analyzed these limitations further and added a new section, Section 6 in the revised paper. We
demonstrated that the patterns of the surface reflectance errors with respect to scattering angle in the
training data set and in the data during the time period used in the paper over the full disk and the
CONUS regions are different. We also show the magnitude of AOD errors introduced by the error in the
surface reflectance through radiative transfer and AOD retrieval simulations. More importantly, the
simulation results demonstrate that the bias due to surface reflectance error at 0.025 background AOD has
the same magnitude as that at higher AOD, and that the bias obtained at 0.025 background AOD can be
used to reduce the bias with higher AOD. Therefore, it proves that the AOD bias correction algorithm is
equivalent to the reduction of surface reflectance bias.

It also raises the question of why this relationship was used in the orginal algorithm? The study
cites the MODIS Dark Target over-land AOD algorithm as a source of some assumptions; that
algorithm parametrizes surface as a function of scattering angle rather than solar zenith angle. And
we know that in the single-scatter limit, both aerosol and surface reflection are more directly linked
to scattering angle than solar zenith. So some more background on the reason for choosing solar
zenith angle would be useful (e.g. show the simulations indicating why this decision was made). Line
170 indicates that the training was done before the satellite was moved to its current position;
however, again, to my knowledge this movement was planned and doing the calculating in terms of
scattering angle may have meant that these coefficients would still remain useful for the new
position.

Surface spectral BRF relationships are complicated functions of four geometry parameters: solar zenith
angle, solar azimuth angle, view zenith angle, and view azimuth angle. Using a single angle such as
scattering angle or solar zenith angle won’t completely model the relationship. The error in fitting the
0.47um surface reflectance as a function of solar zenith angle in the training dataset shows little
dependence on scattering angle. In addition, using data in one set of geometry to train the surface
relationship and apply it in another set of geometry is a potential source of error. As an exercise to
demonstrate the effect of the movement of the satellite from the test position (89.5° W) to the operational
position (75.2°W) on the surface reflectance relationship, a test was conducted to derive two surface
relationship models: one using training data from October 2017 with GOES-16 in test position and
another one using training data from October 2018 with the satellite at operational position. The two
models are then applied to the October 2018 training data to estimate the surface reflectance at 0.47um
from that at 2.25 um. The surface reflectance error (estimated — atmospheric corrected) at 0.47 um band
is plotted with respect to scattering angle and is shown in the figure below. It can be seen the patterns of
the errors in the two data sets have some differences. The movement of the satellite may be one of the
reasons that contributes to the differences. Other reasons can also cause the difference. For example, the
sampling is not exactly the same in time and space for the above two time periods, i.e. a site may have
more sampling pixels in one period than in the other due to the difference in atmospheric conditions, and
vice versa.
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Figure A. Surface reflectance error at 0.47 um band vs scattering angle of AERONET matchup data in
October 2018 using model trained by October 2017 data and using model trained by October 2018 data.

NASA'’s dark target algorithm uses scattering angle to do the modeling, but we can see that it also suffers
from the same problem as shown in the revised paper.

We do mention that the change of geometry due to the change in satellite position is a potential source of
error, but we don’t say it is the main source of the error. The main problem is that the individual
pixels/regions/time periods can have very different behavior than the model derived from the whole full
disk training data set. Therefore, we find it appropriate and important to externally fix the bias at every
pixel.

The paper mentions MODIS and VIIRS AOD algorithms a lot (as there is some commonality
between them and ABI). Yhis is mostly talking about NASA MODIS Dark Target and NOAA
VIIRS (as opposed to e.g. NASA VIIRS Dark Target and Deep Blue). This should be made clearer.
Maybe we need a statement early on saying that references to VIIRS mean NOAA algorithms.

Added NOAA VIIRS AOD wherever we mention VIIRS AOD.

Line 53: MODIS Atmospheres Collection 6 onwards is both 3 km and 10 km. This is also a place
where it should be specified that it is NOAA VIIRS data, as NASA VIIRS is 6 km.



Revised to “The NOAA ABI AOD product has a spatial resolution of 2 km at nadir, compared to 3 km
and 10 km from MODIS Collection 6 and 750 m (NOAA product) and 6 km (NASA product) from
VIIRS.”

Line 122: this is a bit misleading: AERONET provides a subset of those wavelengths (dependent on
instrument), not all of them.

Revised to ... it is measured at a subset of 22 different wavelengths from ultraviolet to infrared, i.e. 340,
380, 400, 412, 440, 443, 490, 500, 510, 531, 532, 551, 555, 560, 620, 667, 675, 779, 865, 870, 1020, and
1640 nm, depending on the specific instrument.”

Line 127: 1 understand there is a delay of up to a year or so between AERONET level 1.5 and level
2 data. However it seems that level 2 should be available by now for the study period, so these
ideally should be used.

We have pointed out in the previous response to reviewer #1 and rechecked the status on August 8, 2020.
Many sites still don’t have Level 2 data. We have been using GSFC site’s data for analysis extensively.
As of August 8 2020, GSFC still does not have level 2 data available for the days after September 2018.
In an email from Brent Holben at GSFC site in April 2020 when we asked him about the level 2 data at
GSFC, he said that “I just talked to Tom Eck our Langley Calibration guy who manages the MLO and
GSFC instruments. The current instrument has not been recalibrated since Sept 2018 but has been
compared to other master instruments freshly calibrated at MLO. Each time the current master always
looked as good or superior spectrally to the freshly calibrated instruments so he has not returned the
current instrument to MLO for a final cal. The bottom line is the level 1.5 from the GSFC instrument is
calibrated better than probably any instrument in the network, it just hasn’t been thru the protocols to
raise it to level 2.” So, we don’t think it is wise to discard the data just because it is level 1.5.

In our daily work, we routinely do our analysis with both Level 2 and Level 1.5 data and we find the
Level 1.5 data to be suitable for our analysis.

A scan of the dataset shows that only 64 out of 80 sites have updated level 2 data beyond December 2018.
And only 40 out of 77 sites have updated level 2 data beyond July 2019. In the paper, we use the time
period August-December 2018 for NOAA ABI AOD and July 2019 data for NASA dark target ABI AOD
analysis (added in the revised version).

As seen in the reviewer’s comment below, level 1.5 has a bias of up to 0.02 and an uncertainty of 0.02.
We don’t think we could gain much by switching to level 2 data, but we would lose 20% - 48 % of sites if
we did it, and would also lose the analysis at GSFC site.

I am also not sure about the statement that level 1.5 has a “bias” of 0.02. It looks like this was taken
from the Abstract of the Giles paper cited here. But the relevant passage of that paper is more
nuanced: “Therefore, the quality of the Level 1.5 near-real-time AOD changes with time with high-
guality data at the start of the deployment but up to a +0.02 bias and 0.02 uncertainty for data
collected more than 1.5 years since pre-field calibration.” The conclusions to that paper also note
“up to” 0.02. I am not sure why the Abstract to that paper omits “up to”.

Added “up to” in the text.

Section 4: As | understand it, the bias correction is representing the AOD error as two quadratic
functions of time of day (split by whether the Sun is east or west of the sensor), fit based on the
difference between retrieved AOD and that from a 30-day minimum retrieved AOD (on a timestep



basis), also subtracting a background AOD from AERONET (taken as 0.025). The flow chart here
is useful but I think it would be good to have an example showing actual data, perhaps for one of
the cases shown in Figure 1.

A Figure (Figure 5 in the revised paper) is added for a pixel close to GSFC to illustrate the 30-day clear
AOD composite process.

Since it is known that negative AOD is unphysical (but permitted in the retrieval), wouldn’t it make
sense for the bias correction here to also set negative AOD to zero? My understanding is that this is
an inherited assumption from MODIS Dark Target retrievals which causes a few issues and
misunderstandings for some users.

We are just following the convention and do not find any problem with that. NOAA VIIRS AOD, ABI
AOD and NASA dark target AOD all use -0.05 as minimum. We would like to keep it to be consistent
with our existing products.

Line 277: If the retrieval is being done every 5 minutes, I don’t think it makes sense to average the
AERONET data in an hour around the time. If there is real AERONET variation, it would be
smoothed out by this averaging. Why not compare with the AERONET measurements directly
associated with each time step? | understand this choice was the same as the done for earlier VIIRS
analyses, but as pointed out in this paper, polar and geostationary are quite different sampling
types. Or are the ABI retrievals also being averaged to hour time steps? This was not clear. It
would be better to match up without distorting the sampling too much.

Again, the use of this matchup criteria has become a standard and is also used on matchups between
AERONET and geostationary data. For example, in a recent paper by Gupta et al. (2019) on AHI AOD
retrieval, they used similar criteria and stated that “Thus, the temporal mean AOD of all AERONET AOD
measurements within 30 min of an AHI scan will be compared with the spatial mean of all Level 2 AHI-
retrieved AOD values within a 0.25°x0.25° box centered at the AERONET station. This method of
matching spatiotemporal statistics, in one form or another, has become a standard within the aerosol
remote sensing community (Levy et al., 2010; Petrenko et al., 2012; Remer et al., 2013; Huang et al.,
2016; Gupta et al., 2018).” A standard like this helps the comparison of accuracy and precision values
reported by different research groups using different AOD retrieval algorithms. However, we agree that
determining the best way to compare satellite and ground AODs may need further investigation. Such an
investigation must be done before we switch to other criteria, e.g. changing the size of time window and
spatial averaging area. For now, our purpose is to demonstrate the effect of the bias correction algorithm.

Line 356: Wallops may be rural but the 27.5 km circle around it includes a large amount of coastal
areas, as well as small towns, so I am not sure | agree fully with the statement about favourability.

Changed to “Wallops is a site with mixed pixels of rural, small town and water,...” Coastal pixels are
screened in the AOD retrieval algorithm and therefore are not included in the statistics.

Section 5: it would be good to have some maps of site-specific validation metrics for the “before”
and “bias-corrected” cases, as well as some maps (maybe a seasonal composite?) of ABI AOD for
certain times of the day. Continental all-sites metrics hide this information. This would give the
reader a sense of how big the differences are, and how much performance has improved. While the
examples shown are useful, it’s hard to know how representative they are, or how much retrievals
change in those parts of CONUS away from AERONET sites.
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We added maps of correlation coefficients, mean bias and RMSE. We also added maps of monthly mean
AOD for September 2018 as an example to show the mean AOD at three time steps: 1500 UTC, 1700
UTC and 2000 UTC.

Figures 1, 8: the presentation here needs to be improved — at least site names should be shown on
panels, not only in the Figure 1 caption.

Added.

Figure 5: the regression fits should be removed from this Figure, as these data violate the
assumptions required for ordinary least squares to give unbiased, robust results. I think the 1:1 line
and red points get the main message across anyway.

Removed.

Figure 12: I don’t think the brief PM bit really fits here. Yes, the correlation is increased but we
don’t always expect them to be correlated. The regression comments from earlier also apply here. I
suggest removing this. If the authors want to note that better AOD can help downstream derived
products like air quality forecasting, I think it’s fine to just say that.

We respectfully disagree and would like to retain this figure. One of the main reasons we developed the
bias correction algorithm for AOD is because of the need to derive PM2.5 for operational air quality
monitoring applications. We understand that in addition to AOD, the relationship between AOD and
PM2.5 depends on many other parameters such as relative humidity, boundary layer height, aerosol type
etc. Here, we are showing that having an accurate AOD is important for PM2.5 estimates. Given that the
only difference between the two figures (before and after AOD bias correction) is improved AOD, the
results show how correlation can be improved if AOD accuracy is improved.
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