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Abstract: Recent observations reveal that dust storms are increasing in the western USA, posing
imminent risks to public health, safety, and the economy. Much of the observational evidence has
been obtained from ground-based platforms and the visual interpretation of satellite imagery from
limited regions. Comprehensive satellite-based observations of long-term aerosol records are still
lacking. In an effort to develop such a satellite aerosol dataset, we compared and evaluated the
Aerosol Optical Depth (AOD) from Deep Blue (DB) and Dark Target (DT) product collection 6.1 with
the Aerosol Robotic Network (AERONET) program in the western USA. We examined the seasonal
and monthly average number of Moderate Resolution Imaging Spectroradiometer (MODIS) Aqua
DB AOD retrievals per 0.1◦ × 0.1◦ from January 2003 to December 2017 across the region’s different
topographic, climatic, and land cover conditions. The number of retrievals in the southwest United
States was on average greater than 37 days per 90 days for all seasons except summer. Springtime
saw the highest number of AOD retrievals across the southwest, consistent with the peak season
for synoptic-scale dust events. The majority of Arizona, New Mexico, and western Texas showed
the lowest number of retrievals during the monsoon season. The majority of collocating domains
of AOD from the Aqua sensor showed a better correlation with AERONET AOD than AOD from
Terra, and the correlation coefficients exhibited large regional variability across the study area. The
correlation coefficient between the couplings Aqua DB AOD-AERONET AOD and Terra DB AOD-
AERONET AOD ranges from 0.1 to 0.94 and 0.001 to 0.94, respectively. In the majority of the sites
that exhibited less than a 0.6 correlation coefficient and few matched data points at the nearest single
pixel, the correlations gradually improved when the spatial domain increased to a 50 km × 50 km
box averaging domain. In general, the majority of the stations revealed significant correlation
between MODIS and AERONET AOD at all spatiotemporal aggregating domains, although MODIS
generally overestimated AOD compared to AERONET. However, the correlation coefficient in the
southwest United States was the lowest and in stations from a higher latitude was the highest. The
difference in the brightness of the land surface and the latitudinal differences in the aerosol inputs
from the forest fires and solar zenith angles are some of the factors that manifested the latitudinal
correlation differences.

Keywords: aerosols; MODIS; AERONET; deep blue; dark target; Angstrom exponent

1. Introduction

Aerosols affect the climate system through direct radiative forcing [1,2], indirect ra-
diative forcing [3], and modulation of heterogenous chemistry [4]. They adversely impact
human health [5,6], the environment [7,8], and the economy [9]. Linked to its major deserts
in the southwest and highly vegetated mountainous ecoprovinces, the western United
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States is a source of many types of aerosols including both direct and chemically trans-
formed emissions injected from natural and anthropogenic sources (e.g., dust, biomass
burning, power plants, biogenic aerosols, and mobile source emissions) [10,11]. Consid-
erable evidence indicates that during the past few decades the western United States has
been experiencing an increase in the frequency and intensity of dust events and wildfires;
the dust dominated aerosols mainly originate from the deserts and plains, and wildfire
aerosols from forest, woodland, and grassland ecoprovinces. Tong et al. [12] reported
a rapid intensification of dust storm activity over American deserts in the time range
1988–2011. Brahney et al. [13] revealed that the American West is becoming increasingly
dusty based on the Ca+2 composition of precipitation from 1994 to 2009. Using iron as a
proxy of mineral dust, Hand et al. [14] showed an increasing trend of dust in large parts
of the western United States with +5% per year change from 1995 to 2015 during the
normally dusty month of March, an effective doubling of March dust concentration during
the two decades. Wildfires have also been contributing to large amounts of aerosols into
the atmosphere over the American West [15–18]. McClure & Jaffe [18] showed that since
the mid 1980s, the total area of the United States that has been burned by wildfires has
been increasing with fires in the northwest United States accounting for around 50-60% of
that increase. Climate change and variability in different climate parameters significantly
contributes to the increase in wildfires [19]. Littell et al. [16] documented that most of the
vegetation zones in the western United States exhibited strong year-of-fire relationships
with low precipitation, intense drought, and high temperature.

In recent decades, aerosol products from satellite remote sensing, ground-based obser-
vations, and models have been widely synthesized to monitor the temporal and spatial
distribution of aerosol loading on global and regional scales [20–25]. Remote sensing
imagery products from the Moderate Resolution Imaging Spectroradiometer (MODIS)
sensor aboard the Aqua and Terra satellites provide retrieved data on aerosol properties at
a near-daily global coverage and a wide range of spatial and spectral resolutions. How-
ever, due to the potential influences of retrieval algorithms, surface albedo, topography,
shadow, and image resolutions, the satellite products should be continuously validated
to minimize the uncertainties [26–28]. Aerosol data acquired from ground stations, more
specifically ground-based remote sensing approaches such as the Aerosol Robotic Network
(AERONET), are crucial resources in ground-truthing satellite products as they have a
higher precision of measurement at a low spatial reach [29]. The AERONET is a direct
columnar measurement acquired by sunphotometer and aggregated in time at the point
location. However, the satellite Aerosol Optical Depth (AOD) is a columnar measurement
retrieved through radiative-transfer models based on multiple assumptions about aerosols
and surface characteristics leading to various sources of uncertainty [30,31]. Satellite AOD
(including MODIS) represents the AOD concentration for a fraction of a minute when a
satellite is on orbit over a region [32].

Several researchers have investigated the relationship between satellite remote-sensed
and ground-based aerosol products by collating both data products to characterize aerosol
loading to the atmosphere in space and time [33–36]. Bréon et al. [33] evaluated the
accuracy of aerosol products retrieved from the measurements of multiple satellite remote
sensing instruments by comparing with AOD from the AERONET program on a global
scale. Saide et al. [35] examined the performance of the aerosol data matrix from the
assimilation of AOD retrieval from Geostationary Ocean Color Imager (GOCI) and MODIS
instruments by comparing against the ground measurement of AERONET AOD and
PM10 in northeast Asia. Vijayakumar et al. [36] investigated dust-dominated aerosol
characteristics during a specific dust event in western India by augmenting aerosol data
from MODIS and AERONET, and with meteorological data of model simulations from the
European Center for Medium-Range Weather Forecasts Reanalysis-Interim (ERA-Interim).
Similarly, many studies utilized satellite, model simulations, and ground-based data to
improve air quality modeling and forecasting in the United States [37–40], mainly focusing
on the eastern United States. For example, Li et al. [39] used AOD data processed from
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MODIS, Multi-angle Imaging SpectroRadiometer (MISR), Sea-viewing Wide Field-of-view
Sensor (SeaWiFS), and Ozone Monitoring Instrument (OMI) image products and the results
were verified against AERONET AOD measurements.

Although air quality in the western United States has improved during the past few
decades [41], different studies have revealed that air pollution has increased nationally
since 2016 [42]. For example, according to a report from the United States Environmental
Protection Agency [43], the southwest has experienced an abrupt increase of PM10 pollution
from 2015 primarily linked to mineral aerosol loading and the northwest showed a spike
in PM2.5 pollution contributed by wildfires. In addition, Tong et al. [12] documented that
in the American deserts, the frequency of windblown dust storms has increased by 240%
from the 1990s to the 2000s. In an effort to develop a more comprehensive and long-term
fusion of ground-based and satellite-based observations, and to facilitate the validation of
satellite remote sensing imagery products, this study compares and evaluates the AOD
from MODIS Deep Blue (DB) and Dark Target (DT) product collection 6.1 with AERONET
AOD in the western United States bounded by the −92◦ meridian in the east.

2. Study Area

The study area encompasses the western part of the United States bounded by the
−92◦ meridian in the east, including parts of 22 states (Figure 1). This region is a land of
extremes. It contains several major ecological regions (Figure 1a): Warm and cold deserts,
coastal and inland forests, coastal and alpine environments, shrublands and grasslands,
distributed from −105 to 4302 m elevation (Figure 1b). Mainly influenced by differences in
elevation and the climatological influence of the Pacific Ocean, the climate of the western
United States is very diverse in nature [44]. Due to this variation, the region is subjected to a
diverse spectrum of natural and anthropogenic aerosols and impacts. The black (Figure 1a)
and blue (Figure 1b) dots show the AERONET stations over the western United States,
located in a wide range of ecological regions and elevations. Depending on their proximity
to different ecosystems and land uses, these stations can be exposed to different aerosol
sizes and types.

Figure 1. (a) Ecological regions of the western United States acquired from the Commission for Envi-
ronmental Cooperation (US Environmental Protection Agency). Black dots represent the AERONET
stations. (b) Digital Elevation Model (DEM) map of the western United States extracted from global
GTOPO30 model at 30 arc seconds (≈1 km) spatial resolution (USGS). Black and blue dots represent
the AERONET stations.
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3. Data
3.1. AERONET

The ground-based data used for this study were acquired from the AERONET network
program. AERONET is a federated instrument network of sunphotometers and data
archive for aerosol characterization under the administration of the NASA Goddard Space
Flight Center [45]. The AERONET program uses sunphotometers that measure direct solar
irradiance and sky radiance at the Earth’s surface [46]. The sunphotometers are directed
at the sun (or the moon if the sensitivity is high enough) and the output delivers a direct
measurement of the extinction of light between the top of the atmosphere and the Earth’s
surface, which is directly related to AOD. In addition, using this measurement enabled
other columnar optically effective aerosol properties to be acquired including volume size
distribution, complex index of refraction, Angstrom exponent, and single scattering albedo.
The spatial representation of AERONET sites vary between a 200- and 500-km radius
depending on the specific locations influenced by topographic and climatic conditions [47].
The measurement is acquired every 15 min at eight spectral bands (340, 380, 440, 500,
675, 870, and 1020 nm). Three versions of data are available for three data quality levels:
Level 1.0 (unscreened), Level 1.5 (cloud-screened and quality controlled), and Level 2
(quality assured).

We used Level 2 data of 23 AERONET stations (Figure 1 and Table 1) over the western
United States. These sites were selected for analysis based on the availability of more than
five years of data record and the geographic location west of 90◦ west longitude. Since
AERONET AOD data were not available at a 550-nm wavelength, equivalent AERONET
AOD at 550 nm (τ550nm) values were determined by interpolating AERONET AODs re-
ported at 500 and 675 nm spectral channels and Angstrom exponents at 440–675 nm
(α440−675) using the Angstrom exponent formula in (Equation (1)) [48,49].

τ550nm =
τ500nm

exp(−α ∗ ln( λ500nm
λ550nm

))
(1)

where τ550nm and τ500nm are AOD at wavelengths 550 (λ550nm) and 500 (λ500nm) nm, re-
spectively. This processing was applied to all 23 sites.

3.2. MODIS

MODIS sensors aboard NASA’s Aqua and Terra satellites acquire near-global daily
measurements using 36 spectral bands in a wide spectral range (410 to 1500 nm) [30].
MODIS on the Aqua platform was launched in December 1999 and on the Terra platform
in late May 2002 [50]. Retrieved from the calibrated radiance/reflectance measurements,
the MODIS Level 2 aerosol products (MYD04 from Aqua and MOD04 from Terra) mon-
itor the ambient columnar aerosol loading and other aerosol properties over cloud-free
and snow/ice-free land and ocean surfaces. Aerosol products for land are retrieved us-
ing Deep Blue (DB) and Dark Target (DT) algorithms at a nominal spatial resolution of
10 km × 10 km at nadir. These algorithms synthesize different assumptions about the
Earth’s surface and the expected aerosol types above these surfaces [51]. The standard
aerosol product from Dark Target method works best over dark vegetated regions and
does not work well over bright land surfaces. Extraction of aerosol properties from satellite
imagery over bright surfaces (such as prevalent in arid and semiarid lands) is a challenging
issue at many wavelengths of visible light. The DB algorithm is powerful in retrieving
aerosol products over bright desert surfaces because it utilizes two blue channels (412 and
470 nm) to discern the reflectance between the land surface and aerosols [52–54], but it can
also retrieve over highly vegetated targets. In these channels, aerosols tend to be bright and
land surface features dark. The DB algorithm reports AOD at 550, 412, 470, and 670 nm,
Angstrom exponent at 412–470 nm, and single scattering albedo at 412, 470, and 670 nm.
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Table 1. Geographic information, time range of available data at AERONET sites [45], and land cover/land use type (https://nationalmap.gov/small_scale/mld/landcvi.html (accessed
on 1 October 2019) for 23 sites.

Site
ID Site Name State Coordinates Elevation

(m)
Period of Record LULC Type

Long. Lat. Start End

St. 1 Ames IA −93.775 42.021 338.0 20040521 20160102 Rural, dryland cropland, and pasture
St. 2 Bozeman MT −111.045 45.662 1507.0 20080411 20170419 Urban, shrubland, and grassland
St. 3 BSRN BAO Boulder CO −105.006 40.045 1604.0 20010507 20160713 Urban and cropland/grassland mosaic
St. 4 CART Site OK −97.486 36.607 318.0 19940407 20170623 Rural, dryland cropland, and pasture
St. 5 Frenchman Flat NV −115.935 36.809 940.0 20061212 20150126 Rural and shrubland
St. 6 Goldstone CA −116.792 35.233 1100.0 20091216 20170816 Rural and shrubland
St. 7 HJAndrews OR −122.224 44.239 830.0 19950622 20111221 Evergreen Needleleaf Forest
St. 8 Konza EDC KS −96.610 39.102 341.0 20000616 20151203 Rural and cropland/grassland mosaic
St. 9 La Jolla CA −117.251 32.868 80.0 20000229 20131021 Urban, ocean, grassland, and builtup land
St. 10 Maricopa AZ −111.972 33.069 360.0 20000324 20100709 Rural and shrubland
St. 11 Missoula MT −114.083 46.917 976.0 20000824 20170815 Urban, grassland, and needleleaf forest
St. 12 Monterey CA −121.855 36.593 50.0 19980513 20161004 Urban, built-up land, and needleleaf forest
St. 13 Railroad Valley NV −115.691 38.497 1437.0 20110626 20150825 Rural, barren, and mixed shrubland/grassland
St. 14 Red Mountain Pass CO −107.711 37.907 3376.0 20051005 20170928 Rural and mixed forest
St. 15 Rimrock ID −116.992 46.487 824.0 19990414 20170316 Grassland, dryland cropland, and pasture
St. 16 Sevilleta NM −106.885 34.355 1477.0 19940411 20170423 Rural and shrubland
St. 17 Sioux Falls SD −96.626 43.736 505.0 19970718 20171024 Rural, dryland cropland, and pasture
St. 18 Table Mountain CO −105.237 40.125 1689.0 19980805 20171228 Grassland
St. 19 Table Mountain CA CA −117.680 34.380 2200.0 19980805 20171228 Evergreen needleleaf forest
St. 20 Tucson AZ −110.953 32.233 779.0 19931119 20161122 Urban and built-up land
St. 21 UCSB CA −119.845 34.415 33.0 20021208 20170917 Urban, ocean, grassland, and built-up land
St. 22 Univ. of Houston TX −95.342 29.718 65.0 20060820 20160902 Urban, ocean, and built-up land
St. 23 White Sands HELSTF NM −106.338 32.635 1207.2 20061117 20170626 Rural, shrubland, and barren

https://nationalmap.gov/small_scale/mld/landcvi.html
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In the present study, we used the latest Deep Blue Level 2 MODIS aerosol products collec-
tion 6.1 from Aqua and Terra satellites, MYD04_L2 and MOD04_L2, respectively. The uncer-
tainty of the retrieved Terra MODIS DB AOD collection 6.1 is 0.03 ± 21% and 0.03 ± 18% with
respect to the ground-truth measurement of AERONET AOD (0.03 ± 0.21 × AODAERONET
and 0.03 ± 0.18 × AODAERONET) for arid and vegetated path retrievals, respectively [55].
Thus, collection 6.1 has a slightly better performance than collection 6.0. The DB aerosol
product in collection 6.1 is generated by an Enhanced DB algorithm [54] by improv-
ing collection 6.0. The improvements include heavy smoke detection, artefact reduc-
tion over heterogenous terrain, improved surface modeling for elevated terrain, and bug
fixes and updated regional/seasonal aerosol optical models [56]. The MYD04_L2 and
MOD04_L2 data products were ordered and downloaded from the Atmosphere Archive
and Distribution System (LAADS) Distributed Active Archive Center (DAAC) website
(https://ladsweb.modaps.eosdis.nasa.gov (accessed on 1 June 2018)) covering the western
United States from July 2002 to June 2018. We used daily Deep Blue AOD at 550 nm and
Angstrom exponent for land at a 10 km × 10 km spatial resolution with all the available qual-
ity flags. The DB AOD is represented by the data field name “Deep_Blue_Aerosol_Optical_
Depth_550_Land”. The DT AOD is represented by the field name “Optical_Depth_Land_
And_Ocean” which is aerosol optical thickness at 550 nm for both ocean (best) and land (cor-
rected). The interpolation of AERONET and MODIS AOD, the extraction of MODIS AOD
for the AERONET coordinate locations, and the statistical analysis were batch processed
using MATLAB and Python software packages.

4. Methods
4.1. Assessment of the Number of Pixels of MODIS DB AOD Retrieval

We investigated the long-term monthly and seasonal average distribution of MODIS
Aqua DB AOD retrieval per the interpolation grid cell per season and month averaged from
2003 to 2017 for the western United States. This analysis can give us information about the
applicability of the aerosol product in different regions, frequency of days impacted by
poor air quality associated with aerosols, and impact of cloud and snow on the number
of retrievals. For this analysis we used the interpolated images created from the Level
2 granules overlapping the study area. This methodology was applied to facilitate the
assessment by utilizing images with regular latitude and longitude grids rather than on
irregularly spaced pixels along the orbit track (Level 2) [57]. This is performed by linearly
interpolating the Level 2 granules from each day using an interpolation function from
MATLAB. All pixels covering the study area were arranged into one daily file. Then,
linear interpolation was applied at every fixed matrix point (0.1◦ × 0.1◦) weighing the
surrounding Level 2 values by the fraction of overlapping area between the two grids.
As a result, a total of 5786 files were produced extending from 4 July 2002 to 22 May 2018.
Aqua products were used based on the higher correlation with AERONET AOD, discerned
during the research process.

4.2. Comparison of MODIS and AERONET AOD

Aerosol optical depth retrieved from MODIS DB and DT product collection 6.1 were
compared with AOD data from 23 AERONET sites. We also investigated the correlation of
AOD between the couplings of MODIS Aqua–AERONET and MODIS Terra–AERONET.
For this analysis, we used the original (irregular grid) Level 2 product with the data
field name “Deep_Blue_Aerosol_Optical_Depth_550_Land” from both Aqua (MYD04_L2)
and Terra satellites (MOD04_L2). The time series of MODIS AOD were extracted for
the AERONET station locations by considering different combinations of temporal and
spatial domains.

Spatially, we considered three different scenarios. The MODIS AOD pixels nearest to
the AERONET sites were identified using the Euclidean distance method. The determined
pixels were denoted as single pixels or a centroid representing AERONET sites, by limiting
the distance between the center of pixels to a radius ≤ 10 km. In addition, we examined the

https://ladsweb.modaps.eosdis.nasa.gov
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impact of regions surrounding the centroids by considering two different spatial averaging
domains of AOD values, the nearest nine and twenty-five pixels. For the nine pixels
scenario (30 km × 30 km box or 3 × 3 pixels), AOD from the identified central points and
its nearest eight surrounding pixels were averaged by setting the threshold radius distance
of 20 km or less. Similarly, for the 25-pixel scenario (50 km × 50 km box or 5 × 5 pixels),
AOD from the identified central points and its nearest 24 pixels were averaged by limiting
the radius distance to 30 km or less.

Likewise, we considered three averaging temporal domains, nearest data, 30-min
and 3-h averaging domains. The closest single MODIS AOD to the AERONET AOD were
identified by limiting the difference to less than or equal to 10 min, otherwise the data were
not included in the correlation analysis. For the 30-min and 3-h averaging domains, all of
those AERONET AOD measurements within ±15 min and ±90 min of the MODIS overpass
time were aggregated. These three temporal scenarios were applied to the AERONET
AOD corresponding to the MODIS AOD retrievals averaged at the nearest single pixel and
within 30 km × 30 km and 50 km × 50 km boxes. Using the mean as a statistical measure
of central tendency is appropriate as it saves the mode of the quality flags from each pixel
within the averaging domain [58]. After running the correlation analysis between all the
corresponding collocated MODIS DB AOD and AERONET AOD measurements at all
spatiotemporal scenarios, the results were compared with the correlation between MODIS
Dark Target (DT) AOD and AERONET AOD at similar spatiotemporal settings. Here, we
used the scientific data set named “Optical_Depth_Land_And_Ocean” at 550 nm from the
Dark Target (DT) algorithm with all quality assurance flags.

5. Results
5.1. Assessment of the Number of Pixels of MODIS DB AOD Retrievals

The long term seasonal and monthly average numbers of MODIS DB AOD retrievals
per 0.1◦ × 0.1◦ grid averaged from January 2003 to December 2017 are presented in
Figure 2 and 3, respectively. The results revealed that the southwestern United States
showed a significant number of retrievals per long-term average seasonal and monthly
distribution during the same period. During the summer months (June, July, and August)
the majority of Arizona, New Mexico, and western Texas, which experience a wet monsoon
during that time, showed the lowest number of AOD retrievals. As the climate is very
dry, the number of retrievals in the southwestern United States was on average greater
than 14.8 days (≈50%) per 30 days for the majority of months and more than 37 days
(≈41%) per 90 days for the three seasons other than June, July, and August. On the other
hand, the states of California and Oregon exhibited the highest retrieval during summer
reaching from 65 to 85 days per 90 days. During winter (December, January, and February),
the northern part of the study area experienced either no or the lowest number of retrievals
due to the presence of snow and cloud cover. Due to their high reflectivity, snow and clouds
interfere with the AOD retrieval by making the separation of the radiance contribution
from the surface and aerosols very difficult. In addition, some regions did not show any
retrieval possibly due to the exclusion of pixels due to the contribution of reflectance from
water bodies.

5.2. Evaluation of MODIS AOD Using AERONET AOD

We evaluated the robustness of the MODIS AOD product against the in-situ records
of AERONET AOD. To validate the respective MODIS DB (land) and DT (land and ocean)
AOD from Aqua and Terra satellites against a ground-based AERONET AOD, we fitted
a linear regression model at all spatiotemporal scales. After running the model, we also
extracted the Pearson correlation coefficient (R), p-value (P), number of samples (N), and
root mean square error (RMSE) to measure the performance of the fitted models. Spatially,
we considered the nearest single pixel to the AERONET station, 3 pixels by 3 pixels (corre-
sponding to 30 km × 30 km), and 5 pixels by 5 pixels box (corresponding to 50 km × 50 km)
as aggregating domains of MODIS AOD retrievals using the AERONET locations as the
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center of the boxes. Temporally, we used the nearest single record to the MODIS AOD,
30 min (15 min before and after) and 3 h (90 min before and after) for averaging AERONET
AOD using the MODIS AOD as a center time.

Figure 2. Seasonal distribution of the number of MODIS DB AOD retrieval per 0.1◦ × 0.1◦ averaged from January 2003 to
December 2018.

The results for correlation analysis between MODIS (Aqua and Terra) DB AOD
and AERONET AOD at different spatiotemporal scenarios are presented in Figure 4–6,
and Table A1. The findings revealed strong and statistically significant (p-value < 0.05)
correlation between MODIS DB and AERONET AOD at all spatial and temporal scales
in the majority of stations, except the Red Mountain Pass station which showed a very
weak and insignificant correlation at limited spatiotemporal scenarios. This is mainly
linked to high cloud and snow cover in the high altitude area of the Rocky Mountains
(Figure 5 and Table A1). The Pearson correlation coefficient between the couplings Aqua
AOD–AERONET AOD and Terra AOD–AERONET AOD ranges from 0.1 to 0.94 and 0.001
to 0.94, respectively, with 19 stations scoring greater than 0.4 as the correlation coefficient.
The Missoula station exhibited the strongest correlation (Figure 6) and the Red Mountain
Pass the weakest correlation at all averaging domains. Overall, at the majority of collocat-
ing domains AOD from Aqua sensor showed a better correlation with AERONET AOD as
compared to that of AOD from Terra. Therefore, in this region, Aqua AOD in combination
with ground-based AOD and fine particulate matter measurements may be a better choice
for air quality assessment, unless there is a diurnal component to the AOD-PM relationship
influenced by changes in the boundary layer, or changes in relative humidity, etc. For ex-
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ample, a combination of these data can be employed for estimating the ground-level fine
particulate matter from columnar aerosol loading using different statistical approaches
including machine learning and deep learning methods.

Figure 3. Long-term mean monthly distribution of the number of MODIS DB AOD retrieval per 0.1◦ × 0.1◦ averaged from
January 2003 to December 2017.
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The relationship between Aqua MODIS DB AOD and AERONET AOD showed a
combination of decreasing and increasing correlation with the increase in spatiotemporal
averaging domains (Figure 4 and 5). The stations that showed a strong correlation (greater
than 0.6 except the University of Houston and Rimrock sites) and a slight increase in the
number of matched samples, experienced a gradual decrease in the correlation coefficient
with an increase in the spatial domain from the nearest single pixel to 50 km × 50 km
aggregating domain. The University of Houston and Rimrock sites showed very similar
concentrations in the immediate and up-to-50-km radius region. However, in the majority
of the sites that exhibited less than a 0.6 correlation coefficient and very few matched data
points at the nearest single pixel, the correlations gradually improved when the spatial
domain increased to the 50 km × 50 km box averaging domain (Figure 5). The correlation
analysis between Terra DB AOD and AERONET AOD showed a similar pattern to the Aqua
DB AOD–AERONET couplings at all stations, except at CART Site, Monterey, Sevilleta,
Sioux Falls, and Table Mountain stations that reversed the correlation trend by changing
from the lowest to highest spatial domains. This reversal could be mainly due to the
changes on the availability of matched AOD measurements linked to the overpass time of
Aqua and Terra satellites, as the overpass time affects the number of matched samples.

Figure 4. Scatter plots representing the validation of Aqua MODIS DB AOD against AERONET AOD processed at 550 nm
of the representative Missoula station: Nearest single pixel in time (a) nearest singel pixel in space, averaged from nearest (b)
9 pixels, and (c) 25 pixels; 30 min averaging domain (d) nearest single pixel in time, averaged from nearest (e) 9 pixels, and
(f) 25 pixels; and 3-h averaging domain (g) nearest single pixel in time, averaged from nearest (h) 9 pixels, and (i) 25 pixels.
The red line is a regression line. Where R—Pearson correlation coefficient, P—p value, RMSE—root mean square error at 5%
significance level, and N—number of matched AOD points. The one-to-one agreement is represented by the dashed line.



Remote Sens. 2021, 13, 2316 11 of 25

When the temporal collocation of AERONET AOD to the nearest ±15 min and ±90 min
of Aqua and Terra MODIS overpass time was performed, the relationship was changed in
terms of correlation coefficient, p value, and number of samples (Figure 5 and Table A1).
From this analysis, the correlation between Aqua MODIS DB AOD from the nearest pixel
and AERONET AOD increased at 14 stations (representing a wide range of ecoregions),
when the temporal scenario of AERONET AOD increased from the nearest single pixel to
±15 min (Figure 5). A total of 11 of these 14 stations then exhibited a drop in correlation
when the temporal aggregating domain increased from ±15 to ±90 min. However, the other
nine stations showed a decreasing correlation trend from the nearest single pixel to ±15 min
averaging extent (Figure 5). Five out of the nine stations then further showed a decrease
in correlation when the AERONET AOD averaged increased to ±90 min of Aqua MODIS
overpass time.

Figure 5. Pearson correlation coefficient between MODIS DB AOD (Aqua and Terra) and AERONET AOD over 23 stations
at different combinations of temporal and spatial averaging domains. The actual of AODs are available in the data at that
https://doi.org/10.17632/9v6pwjzxg6.1 (accessed on 11 June 2021).

During the aforementioned series of temporal changes, the number of samples also
changed significantly (Table A1). The number of samples increased with an increase in
temporal scales. However, the rate of change was different from site to site. The rate
of change from the nearest single pixel to ±15 min ranges from 4% to 11.4% (only the
White Sands HELSTF site showed a change of 115%) and from ±15 to ±90 min ranges
from 9.3% to 34%. In the scenario from the nearest single pixel to ±15 min, the lowest

https://doi.org/10.17632/9v6pwjzxg6.1
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and highest percentage of changes happened at Goldstone station and Frenchman station,
respectively. Increasing from ±15 to ±90 min, the lowest and highest percentage of change
in the number of samples was shown at Railroad Valley station and White Sands HELSTF,
respectively. These changes could be partly contributed by the difference in the availability
of AERONET AOD records at different temporal averaging domains. The change in the
number of samples either weakened or strengthened the correlation between the variables.
It is worth noting that the gaps in AOD measurements between the AERONET sites might
impact the correlation spectrum. Consequently, it is difficult to conclude how the rate of
change in the number of matched samples influenced the relationship, as it may depend
on the geographical location, aerosol type, meteorology, etc. In addition, the increase in the
temporal scale caused the disappearance of the only non-significant correlation (Table A1).

Figure 6. Pearson correlation coefficient between spatially aggregated at nearest pixel, 30 km × 30 km box and
50 km × 50 km box Aqua MODIS DB AOD and temporally aggregated at nearest, ±15 min and ±90 min AERONET
AOD at 23 AERONET sites across the western United States.
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Perhaps due to the difference in satellite overpass time and associated differences
in the matched number of samples with AERONET AOD measurements, Terra DB AOD
from the nearest single pixel (spatially) showed a significant difference with Aqua DB
AOD when the temporal domain increased from the nearest single pixel to ±15 min
and then to ±90 min. Twelve stations (a different set of stations as compared to Aqua)
experienced an increase in the Pearson correlation coefficient when the temporal distance
increased from the nearest single pixel to the ±15 min averaging extent. In eight of these
stations, the correlation further increased as the temporal averaging domain increased
from ±15 to ±90 min, while the remaining four stations showed a decrease in correlation.
On the other hand, 11 of the stations exhibited a decreasing correlation when the temporal
aggregating domain increased from the nearest single pixel to ±15 min. Extending the
temporal averaging domain from ±15 to ±90 min led to nine out of the eleven stations to
show further decreases in correlation, while only two stations bounced back to an increase
in correlation.

Similar to the Aqua DB AOD–AERONET coupling, Terra DB AOD–AERONET cou-
pling revealed an increase in the number of matched samples and change in the significance
of correlation with an increase in temporal resolution. The percentage change of the number
of samples extends from 3.6% to 12.9% and 7.4% to 31.7% when the temporal domain in-
creases from the nearest single pixel to ±15 min and from ±15 min to ±90 min, respectively.
From the nearest single pixel to ±15 min, the lowest and highest percentage of change was
observed at Goldstone station and Frenchman station, respectively, stations representing
the Mojave Desert ecoregion. The dynamics of these changes could have emerged from
the impact of the bright desert surface on the MODIS AOD retrieval. Changing from the
±15 to ±90 min domain, the lowest and highest percentage of change occurred at Red
Mountain Pass station and Rimrock station, respectively.

From the investigation of the Pearson correlation coefficient between Aqua DB AOD
aggregated using a 30 km × 30 km box and AERONET AOD, 14 stations showed an
increase in correlation when the temporal extent increased from the nearest single pixel
to ±15 min (Figure 5). These stations represent a wide range of ecoregions. This finding
suggests that over these 14 stations a major fraction of the aerosols may have been in
suspension for a long period of time or the aerosol sources were continually injecting
aerosols into the atmosphere. The other nine stations showed a decreasing correlation.
This decrease in correlation could be linked to the dispersion or settlement of aerosol
particles from the atmosphere. Extending temporal domains from ±15 min to ±90 min
resulted in a decline of correlation over 16 stations. This observation indicates that as the
spatiotemporal averaging domains for AERONET AOD increase, the relationship between
both variables starts to diminish. When the time interval increased from the nearest single
pixel to ±15 min, the lowest and highest percentage change of the number of samples were
observed at the Bozeman station with 4.6% and the Frenchman Flat station with 12.1%,
respectively. As the temporal aggregation is associated with the AERONET AOD data,
this spectrum in the rate of change could be linked to the availability of data before and
after the satellite overpass time. Increasing the temporal extent from ±15 min to ±90 min,
the number of samples quadrupled compromising the strength of correlation coefficients.
The lowest and highest correlation was observed at the Goldstone station with 14.5% and
the Rimrock station with 46.5%, respectively (Table A1).

Terra MODIS DB AOD aggregated using a 30 km × 30 km box showed an increase
in correlation at 14 stations when compared with AERONET AOD when the temporal
extent increased from the nearest single pixel to ±15 min. The remaining nine stations
experienced a decrease in correlation. With an increase in the temporal averaging range
from ±15 to ±90 min, 13 stations exhibited a decrease in correlation, while the rest of
the stations showed an increase in correlation. From the nearest single pixel to ±15 min,
the lowest and highest percentage of change occurred for the number of samples at the
Goldstone station with 4.8% and at the Frenchman Flat station with 13.6%, respectively.
Changing from ±15 min to ±90 min, the lowest and highest percentage of change observed
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in the number of samples at the Goldstone station with 15.9% and at the Ames station with
42.4%, respectively.

Aqua MODIS DB AOD averaged using a 50 km × 50 km box (corresponding to
5 pixels × 5 pixels) was also compared with AERONET AOD processed at the nearest
single pixel, ±15 min and ±90 min to the Aqua MODIS overpass time. As in the previous
scenarios, the ±15 min for aggregating AERONET AOD showed a better performance
in improving the correlation coefficient. Fourteen stations displayed an increase in corre-
lation when the aggregation of AERONET AOD increased from the nearest single pixel
to ±15 min. A further increase to ±90 min led to a decrease in correlation in 13 stations
and an increase in 15 stations. This finding indicated that with coarser spatiotemporal
domains (50 km × 50 km box and ±90 min) the correlation strength was diminished by the
AOD values acquired from distant pixels in time and space. In other words, with a further
increase in the spatiotemporal scale the pixels start to decrease their representation with
the center of the box. The Bozeman station (4.9%) showed the lowest percentage of change
in the number of samples and the University of Houston station (13.6%) the highest when
increased from the nearest single pixel to ±15 min. The heterogeneity of geographical
location, land cover/land use setting, and sources of aerosols in both these stations could be
attributed to the variability. However, when the temporal domain increased from ±15 min
to ±90 min, the Goldstone station saw the lowest (16.8%) and the Rimrock station the
highest (52%).

Furthermore, the correlation coefficient between Aqua DB AOD and AERONET
AOD exhibited large regional variability across the western United States. In particular,
the correlation coefficient values in the stations from the southwestern United States were
relatively lower than those in other regions of the study area across all spatiotemporal
scenarios, with the exception of the Red Mountain Pass station (Figure 6). The stations in
the northern part of the study area displayed the strongest correlation. The correlation
between Terra DB AOD and AERONET AOD showed the same distribution pattern of
correlation as the Aqua MODIS DB AOD–AERONET AOD coupling, however, slightly
lower in strength. The Railroad Valley and Red Mountain stations showed the lowest
correlation at all temporal and spatial domains.

The latitudinal differences in the correlation between MODIS and AERONET AOD in
the western United States may be primarily a manifestation of uncertainty in the satellite-
retrieved AOD from MODIS. Given its areas of bright surface reflectance where it is difficult
for the satellite to separate the surface from the atmospheric signal, the desert regions of
southwest North America provide challenges for accurate satellite retrievals. This would
result in reduced correlations in the southwestern regions of the United States (Thomas
F. Eck, personal communication, 2021). Additionally, the prevalence of large forest fires
in the northwestern United States result in high AOD values, and the correlation often
improves when the AOD data range is larger. This factor likely increases the correlation
in the northern latitudes (Thomas F. Eck, personal communication, 2021). Furthermore,
the accuracy of the AERONET-measured AOD is very high at around 0.01 (around 0.02
in ultraviolet) for the overhead sun [59,60]. This accuracy is even better at larger zenith
angles, therefore there is some improvement in the accuracy of AERONET-measured AOD
at higher latitudes.

The AOD measurement at 550 nm from the MODIS DT aboard Aqua and Terra
satellites was evaluated against AERONET AOD. The results from this comparison were
also compared with the correlation coefficient from the MODIS DB AOD–AERONET
AOD coupling, with the objective to identify the product that better characterizes the
atmospheric aerosol loading across the western United States. We used the AOD at 550 nm
retrieved from land and ocean through the DT algorithm with the scientific data name of
“Optical_Depth_Land_And_Ocean”. The results for the evaluation of the MODIS DT AOD
are presented in Figure 7–9 and Table A2.
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Figure 7. Scatter plots representing the validation of Aqua MODIS DT (land and ocean) AOD against AERONET AOD
processed at 550 nm of the representative Missoula station: Nearest single pixel in time (a) nearest single pixel in space,
averaged from nearest (b) 9 pixels, and (c) 25 pixels; 30 min averaging domain (d) nearest single pixel in time, averaged from
nearest (e) 9 pixels, and (f) 25 pixels; and 3-h averaging domain (g) nearest single pixel in time, averaged from nearest (h) 9
pixels, and (i) 25 pixels. The red line is a regression line. Where R—Pearson correlation coefficient, P—p value, RMSE—root
mean square error at 5% significance level, and N—number of matched AOD points.

Generally, the MODIS DT AOD showed better correlation with AERONET AOD
across all spatiotemporal domains and all ecoregions as compared with the MODIS DB
AOD. For example, Missoula station scored a correlation coefficient of 0.960 in the Aqua
DT AOD–AERONET AOD comparison acquired from the nearest pixel in space and time
(Figure 7). However, in the case of Aqua DB AOD and AERONET AOD comparisons
it recorded a correlation coefficient of 0.941 (Figure 4). Similar patterns of correlation
differences were observed across all the remaining spatiotemporal settings. The University
of Houston station, in a coastal and urban environment showed a percentage change
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increase of 55% going from Aqua DB AOD (0.612) to Aqua DT AOD (0.952) from the nearest
single pixel in space and time. The inclusion of land and ocean pixels in the DT algorithm
could have partly influenced the strength of the correlation. In addition, an increase in
correlation from DB to DT in the coastal stations of Monterey and UCSB to those from
central California may be partly contributed by the presence of more vegetated surface and
sea salt aerosol presence that was commensurate with the merits of the DT algorithm [61].
The Maricopa site showed the lowest correlation between Aqua DT AOD acquired from the
nearest pixel in space and AERONET AOD aggregated from the nearest pixel, ±15 min, and
±90 min (Figure 9). This is due to an insufficient number of matched data points (Table A2).
Sayer et al. [50] suggested that the difference in correlation between DB AOD–AERONET
AOD and DT AOD–AERONET AOD couplings was linked to the persistently low AOD
measurements, tricky surface conditions, and algorithmic assumptions. According to their
global-scale study, southwest North America was one of the few regions that showed the
largest differences in seasonal mean AOD between DB AOD and DT AOD.

Figure 8. Pearson correlation coefficient between MODIS (Aqua and Terra) DT AOD (land and ocean) and AERONET AOD
over 23 stations at different combinations of temporal and spatial averaging domains.

MODIS DT AOD exhibited a significant percentage decrease on the matched num-
ber of samples with AERONET AOD as compared with MODIS DB AOD. This change
occurred at all stations and across all temporal and spatial scenarios. More specifically,
the stations from the southwest United States (Frenchman Flat, Maricopa, Sevilleta, Tucson,
and White Sands HELSTF), coastal regions (La Jolla, UCSB, and University of Houston),
and Colorado Rocky Mountains (Red Mountain Pass) showed a decrease greater than 89%
(Table A1 and A2). This pattern supports the strength of the DB algorithm in retrieving
aerosol parameters in arid and semi-arid regions and alpine environments. However,
despite lower numbers of matched samples, MODIS DT AOD showed a higher correlation
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with AERONET AOD in a majority of the stations. The Goldstone and Railroad Valley
stations from the southwest never showed matched samples for the DT product.

Figure 9. Pearson correlation coefficients between spatially aggregated at the nearest pixel, 30 km × 30 km box, and
50 km × 50 km box Aqua MODIS DT (Land and Ocean) AOD and temporally aggregated at the nearest ±15 min and ±90
min AERONET AOD at 23 AERONET sites across the western United States.

6. Discussion

In summary, this study demonstrated that the augmentation of aerosol optical depth
data products from satellite remote sensing and ground-based platforms can improve the
characterization of aerosol loading in space and time across the western United States.
Monthly and seasonal maps exhibited a wide range of MODIS aerosol optical parameter
retrievals and identified the time periods impacted by the data gaps. These maps can
be used as a reference for spotting the temporal and spatial spaces during the process of
location selection for the deployment of ground-based instruments to augment satellite
remote sensing measurements. We evaluated the MODIS Level 2 AOD from DB and DT
retrieval algorithms using a ground-based remote sensing product of AOD from AERONET
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by utilizing different spatiotemporal aggregation domains using the coordinate information
of the 23 AERONET sites as a centroid for aggregation. The findings from this analysis can
help in the calibration of MODIS aerosol retrieval algorithms in the locations where their
correlation with AERONET AOD were very low, such as the southwestern United States.
In addition, it can provide information about the performance of AERONET sites.

Although MODIS Level 2 (10 km × 10 km) aerosol products are available at a better
spatial resolution than Level MODIS Level 3 (1◦ × 1◦) almost all the studies similar to the
current study focusing in the United States utilized used MODIS Level 3 gridded aerosol
data. This is because the quantitative use of Level 2 aerosol data requires a significant
level of expertise in aerosol remote sensing, computer programming, and computing re-
sources [62]. However, the current study is the first of its kind to utilize MODIS Level 2
aerosol data products at finer and multiple spatiotemporal aggregating domains involving
23 ground stations distributed at different topographic and climatic conditions of the west-
ern United States. In addition, no single study has been conducted to compare MODIS and
AERONET aerosol products that are apparently focusing over the sub-continental western
United States. In the previous studies, the western United States has been considered
under coarser scales, either a continental [63] or global scale [62,64]. A continental study
by Drury et al. [63] reported a correlation coefficient of 0.32 (R = 0.32) between MODIS
and AERONET AOD in the western and central United States using a daily data for the
period of 1 July–15 August 2004; although their correlation increased to 0.64 with a weekly
averaging domain. Our study utilized the available resource of a finer temporal resolution
of both data products in order to capture the dynamic nature of aerosol loading influenced
by topographic and climatic conditions. On a regional scale, Loria-Salazar et al. [61] evalu-
ated the MODIS Collection 6.0 aerosol product using an AERONET product in semi-arid
Nevada and California, United States, during the summer of 2012. Similar to our results,
their study found a weak correlation between both data products, a correlation coefficient
of 0.316–0.447 during non-fire periods, and 0–0.557 during fire periods. However, our
study covers 17 years of aerosol data records.

7. Conclusions

The current study contributes a comprehensive approach to the evaluation of remotely
sensed satellite aerosol products using ground-based aerosol products by utilizing different
aggregating domains covering a very large study area, different land cover/land use set-
tings, and geographical locations. Overall, this study demonstrated that the augmentation
of aerosol data products from satellite remote sensing and ground-based platforms can im-
prove the characterization of aerosol loading in space and time across the western United
States. It explored deeper into the finer temporal and spatial scenarios than previous
studies by optimizing the aggregating approaches performing the long-term inventory of
the aerosol data records from both the satellite and ground-based platforms. In order to
assess the variability of aerosol concentrations in space and time from the AERONET sites,
the study integrated high aggregating domains. Based on these in-depth approaches, this
study identified stations and regions with a strong potential for evaluating and calibrating
satellite products, and spotted stations and regions that showed avery low correlation with
the satellite observation and stations with many data gaps and few data records.

In general, the majority of the stations revealed a significant correlation between
MODIS and AERONET AOD at all spatiotemporal aggregating domains. Specifically,
the stations from the higher latitude sites showed a stronger correlation, making the sites
suitable for evaluating satellite retrievals. However, the stations from the southwestern
United States desert showed the lowest correlation coefficients. In view of this region being
a dominant source of mineral dust, these findings suggest that the MODIS AOD should
be further improved and locally calibrated. Aerosol sources, such as windblown dust and
anthropogenic fugitive dust (e.g., road dust from unpaved road), are short-lived and het-
erogeneous over space and time. Such source characteristics, along with bright, reflective
desert surface, make it particularly challenging for satellite retrievals in this region. We
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recommend the application of medium spatiotemporal collocating resolutions (temporally
±15 min and spatially 30 km × 30 km) for the estimation of ground-based air quality
parameters. Incorporating aerosol products from geostationary satellites like NASA’s Geo-
stationary Operational Environmental-16 (GOES-16) Advanced Baseline Imager (ABI) into
the dataset used in this study can significantly improve the characterization of the aerosol
loading and air quality assessment rather than using MODIS- and AERONET-derived
AOD only. Aerosol products from GOES-16 ABI possess a higher temporal resolution
than MODIS and they can mitigate the sparseness of aerosol observations from MODIS-
AERONET couplings. More investigations are needed to understand the aerosol impacts of
long-term land cover and land use changes around AERONET sites as these surface types
are very sensitive to climate change and variability, and this parameter in turn is crucial in
determining the response of the land-surface-to-satellite signals.
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Appendix A

Table A1. p-value and number of matched samples between MODIS DB AOD (Aqua and Terra) and AERONET AOD of 23 sites across western United States at different combinations of
temporal and spatial averaging domains. The yellow shaded cells represent a not significant correlation.

Site
ID

Nearest in Time 30 Minutes Averaging Domain 3 Hours Averaging Domain

Single 9 Pixels 25 Pixels Single 9 Pixels 25 Pixels Single 9 Pixels 25 Pixels

Aqua Terra Aqua Terra Aqua Terra Aqua Terra Aqua Terra Aqua Terra Aqua Terra Aqua Terra Aqua Terra

St. 1 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05
488 473 594 608 644 642 540 521 672 668 729 713 709 681 953 951 1083 1055

St. 2 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05
749 769 1027 1038 1092 1116 780 798 1074 1091 1146 1182 873 874 1303 1302 1461 1465

St. 3 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05
1113 1233 1465 1682 1584 1734 1184 1305 1600 1804 1740 1865 1420 1531 2116 2316 2409 2473

St. 4 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05
1281 1301 1685 1661 1836 1817 1369 1387 1820 1788 1989 1959 1612 1617 2283 2204 2568 2492

St. 5 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05
736 734 907 884 930 904 820 829 1017 1004 1044 1025 1055 1038 1370 1330 1431 1372

St. 6 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05
985 924 1172 1134 1215 1155 1024 957 1229 1188 1276 1212 1127 1071 1407 1377 1490 1430

St. 7 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05
724 670 843 833 857 853 773 719 910 898 927 922 904 831 1115 1063 1158 1112

St. 8 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05
806 818 1037 1072 1123 1106 870 880 1125 1158 1232 1197 1063 1051 1471 1490 1645 1583

St. 9 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05
679 635 891 808 916 825 734 681 967 876 995 896 930 848 1277 1154 1342 1202

St. 10 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05
775 651 954 822 982 841 813 685 1009 865 1044 886 997 841 1261 1104 1322 1140

St. 11 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05
909 1191 1223 1388 1318 1484 981 1260 1352 1490 1464 1605 1167 1477 1801 1901 2030 2116

St. 12 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05
1150 883 1384 1106 1405 1163 1211 936 1471 1172 1492 1233 1410 1134 1758 1500 1810 1609

St. 13 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05
861 1190 2003 2003 2155 2160 903 1251 2140 2121 2308 2291 987 1382 2528 2507 2799 2768

St. 14 >0.05 >0.05 <0.05 >0.05 <0.05 <0.05 <0.05 >0.05 <0.05 >0.05 <0.05 <0.05 <0.05 >0.05 <0.05 <0.05 <0.05 <0.05
123 163 486 529 663 722 131 176 535 591 742 828 153 189 680 742 1033 1126

St. 15 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05
1000 976 1237 1227 1272 1338 1095 1086 1373 1372 1412 1501 1469 1430 2012 1941 2147 2157

St. 16 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05
1232 1390 1545 1744 1644 1842 1305 1471 1664 1862 1771 1969 1526 1676 2105 2223 2312 2391

St. 17 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05
845 895 1086 1110 1144 1176 918 958 1190 1196 1259 1271 1114 1132 1557 1548 1731 1697

St. 18 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05
695 861 965 1077 999 1147 738 909 1051 1152 1098 1225 857 1020 1374 1424 1528 1583

St. 19 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05
1021 1035 1343 1353 1433 1430 1087 1094 1447 1438 1542 1523 1283 1276 1809 1756 1957 1880

St. 20 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05
512 535 647 639 665 692 538 561 692 671 714 726 624 660 828 833 882 914
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Table A1. Cont.

Site
ID

Nearest in Time 30 Minutes Averaging Domain 3 Hours Averaging Domain

Single 9 Pixels 25 Pixels Single 9 Pixels 25 Pixels Single 9 Pixels 25 Pixels

Aqua Terra Aqua Terra Aqua Terra Aqua Terra Aqua Terra Aqua Terra Aqua Terra Aqua Terra Aqua Terra

St. 21 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05
956 833 1365 1246 1421 1273 1018 885 1454 1321 1513 1357 1225 1046 1834 1664 1926 1736

St. 22 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05
491 440 664 660 778 728 530 476 744 731 884 811 592 547 947 930 1195 1089

St. 23 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05
644 1379 1531 1717 1579 1759 1387 1450 1655 1822 1714 1872 1691 1701 2113 2232 2239 2338

Table A2. p-value and number of matched samples between MODIS DT (land and ocean) AOD and AERONET AOD of 23 sites across western United States at different combinations of
temporal and spatial averaging domains. The yellow shaded cells represent not significant correlation and green shaded cells represent no data.

Site
ID

Nearest in Time 30 Minutes Averaging Domain 3 Hours Averaging Domain

Single 9 Pixels 25 Pixels Single 9 Pixels 25 Pixels Single 9 Pixels 25 Pixels

Aqua Terra Aqua Terra Aqua Terra Aqua Terra Aqua Terra Aqua Terra Aqua Terra Aqua Terra Aqua Terra

St. 1 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05
265 305 383 449 437 494 286 330 429 490 495 542 331 398 542 631 655 740

St. 2 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05
558 623 783 858 841 931 566 633 807 891 873 975 588 659 881 958 1006 1087

St. 3 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05
486 650 962 1268 1109 1391 511 682 1018 1352 1184 1484 571 741 1193 1547 1464 1773

St. 4 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05
792 912 1309 1445 1480 1624 832 959 1405 1537 1598 1735 905 1030 1619 1775 1936 2078

St. 5 >0.05 <0.05 <0.05 <0.05 <0.05 <0.05 >0.05 >0.05 <0.05 <0.05 <0.05 <0.05 <0.05 >0.05 <0.05 <0.05 <0.05 <0.05
18 23 115 137 248 276 19 25 122 148 263 310 21 30 149 186 339 378

St. 6 n/a n/a n/a n/a n/a n/a n/a n/a n/a n/a n/a n/a n/a n/a n/a n/a n/a n/a
n/a n/a n/a n/a n/a n/a n/a n/a n/a n/a n/a n/a n/a n/a n/a n/a n/a n/a

St. 7 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05
580 516 728 686 756 722 604 553 773 735 805 775 650 596 866 816 930 870

St. 8 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05
608 668 846 942 937 996 636 699 907 1005 1015 1072 690 758 1064 1174 1241 1309

St. 9 <0.05 >0.05 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05
10 17 532 562 841 768 10 18 573 599 909 834 11 21 726 758 1203 1109

St. 10 >0.05 >0.05 <0.05 <0.05 <0.05 <0.05 >0.05 >0.05 <0.05 <0.05 <0.05 <0.05 >0.05 <0.05 <0.05 <0.05 <0.05 <0.05
6 4 35 25 309 318 6 4 36 25 318 333 6 5 39 27 372 390

St. 11 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05
473 706 849 1016 970 1110 499 735 919 1073 1056 1174 536 792 1069 1217 1284 1394

St. 12 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05
268 266 1135 803 1305 1092 281 276 1198 837 1381 1146 302 310 1372 1018 1633 1437

St. 13 n/a n/a n/a n/a n/a n/a n/a n/a n/a n/a n/a n/a n/a n/a n/a n/a n/a n/a
n/a n/a n/a n/a n/a n/a n/a n/a n/a n/a n/a n/a n/a n/a n/a n/a n/a n/a
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Table A2. Cont.

Site
ID

Nearest in Time 30 Minutes Averaging Domain 3 Hours Averaging Domain

Single 9 Pixels 25 Pixels Single 9 Pixels 25 Pixels Single 9 Pixels 25 Pixels

Aqua Terra Aqua Terra Aqua Terra Aqua Terra Aqua Terra Aqua Terra Aqua Terra Aqua Terra Aqua Terra

St. 14 <0.05 >0.05 <0.05 >0.05 <0.05 <0.05 <0.05 >0.05 <0.05 >0.05 <0.05 <0.05 <0.05 >0.05 <0.05 <0.05 <0.05 <0.05
11 20 141 190 334 396 11 21 149 204 377 447 12 22 175 236 483 574

St. 15 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05
491 577 882 991 983 1140 533 629 965 1091 1078 1264 655 760 1256 1390 1462 1658

St. 16 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05
37 46 438 631 627 821 38 48 456 658 658 859 43 50 500 716 751 959

St. 17 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05
500 616 756 877 849 969 528 641 814 933 920 1037 594 704 966 1108 1136 1298

St. 18 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05
288 470 608 769 694 895 294 492 643 810 742 949 308 505 730 894 900 1094

St. 19 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05
455 504 994 976 1230 1218 479 530 1062 1033 1318 1288 524 584 1233 1208 1572 1518

St. 20 <0.05 >0.05 <0.05 <0.05 <0.05 <0.05 <0.05 >0.05 <0.05 <0.05 <0.05 <0.05 <0.05 >0.05 <0.05 <0.05 <0.05 <0.05
55 70 292 363 365 455 57 73 302 376 381 474 67 86 337 446 433 568

St. 21 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05
98 47 1337 1191 1418 1274 105 53 1425 1264 1510 1355 124 67 1769 1597 1907 1733

St. 22 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05
29 29 358 359 519 517 29 29 375 382 551 554 30 31 393 406 602 614

St. 23 <0.05 >0.05 <0.05 <0.05 <0.05 <0.05 <0.05 >0.05 <0.05 <0.05 <0.05 <0.05 <0.05 >0.05 <0.05 <0.05 <0.05 <0.05
19 27 324 503 530 789 22 28 341 528 553 837 27 33 391 596 653 963
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