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1. INTRODUCTION

Tropospheric aerosols impact weather and climate through scattering and absorption of
radiation (Ramaswamy et al., 2019), and degrade air quality (Hoff & Christopher,
2009), thereby adversely impacting human health (Cohen et al., 2017). Fine particles, or
aerosols with aerodynamic diameter less than 2.5 pm (PM, s), pose the greatest risk to health
as they are easily inhalable and impact respiratory and cardiovascular functions (Shaddick et
al., 2020). Direct measurements of surface PM, 5 concentrations are made by ground-based
stations, representing air quality at a specific geographic location, which may not provide a
holistic representation of the air quality over a given area. The limitation in spatial coverage
of ground-based stations can be mitigated through the use of satellite remote sensing
retrievals, which typically estimate the aerosol loading in an atmospheric column, known as
aerosol optical depth (AOD). While the AOD-PM; 5 relation
facilitates contiguous PM, 5 estimation from satellites, it is not robust in case of aerosols
residing aloft. To mitigate this issue meteorological and surface processes are included in the
development a more complex relation (Liu et al., 2009). The availability of a large number of
data in the last decade has enable the use of machine leanring (ML) methods in order to
obtain a data-driven relation between PM,s, AOD and aforementioned variables. Prior
studies focused on estimating PM, 5 from AOD have used these variables as input to different
machine learning (ML) models to infer PM,s concentration on polluted regions,
however, few such studies have been published concentrating on the Contiguous United
States (CONUS) (Di et al. 2016; Hu et al. 2017). The AOD-PM, 5 relation can be highly
variable in the space domain, therefore estimating PM, 5 concentration on a continental scale
may necessitate a large number of ML models (Chudnovsky et al. 2012).

The aim of this initiative is twofold. Firstly, to implement and compare different ML methods
to estimate surface PM2.5 over the CONUS, leveraging data from geostationary satellites,
atmospheric models and surface measurements. Secondly, to introduce a novel technique to
decrease the large number of regional-based models utilizing a statistical measure.
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2. DATA AND PREPROCESSING
Aerosol Optical Depth GOES-16 2019/08/06 15:41 UTC

Figure 1. Aerosol optical depth (AOD) over the CONUS for August 6th, 2019.

The National Oceanic and Atmospheric Administration's (NOAA’s) Geostationary
Operational Environmental Satellite-16 (GOES-16) has been providing valuable
information for modeling and monitoring atmospheric pollution. Level-2+ AOD over
CONUS (Kondragunta et al., 2020; GOES-R AOD ATBD, 2018) at 550 nm product is
available in 5 minutes interval time and 2-km spatial resolution, which also includes
quality flags to isolate high and medium retrievals. AOD is not retrieved for pixels
containing clouds, and for retrievals over snow/ice, bright land surface, or areas of
sun glint (Figure 1). PM2.5 concentration is obtained by the Environmental Protection
Agency (EPA) air quality system (AQS) for 317 monitoring stations across the
CONUS, which provide observations at hourly intervals (Figure 2). Meteorological
data is collected by NOAA's High Resolution Rapid Refresh (HRRR; Benjamin et al.
2016) model at 3-km spatial resolution.
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EPA Stations 2018-2019
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Figure 2. EPA stations over the CONUS.

The National Oceanic and Atmospheric Administration's (NOAA’'s) Geostationary
Operational Environmental Satellite-16 (GOES-16) has been providing valuable
information for modeling and monitoring atmospheric pollution. Level-2+ AOD over
CONUS (Kondragunta et al., 2020; GOES-R AOD ATBD, 2018) at 550 nm product is
available in 5 minutes interval time and 2-km spatial resolution, which also includes
quality flags to isolate high and medium retrievals. AOD is not retrieved for pixels
containing clouds, and for retrievals over snow/ice, bright land surface, or areas of
sun glint (Figure 1). Importantly, AOD is not retreived over thick smoke (Satellite and
ground based assessment of the impact of Canadian fires on U.S. Air Quality
(http://agu.confex.com/agu/fm19/meetingapp.cgi/Paper/490194)). PM2.5
concentration is obtained by the Environmental Protection Agency (EPA) air quality
system (AQS) on an hourly basis and for 317 monitoring stations across CONUS
(Figure 2). Meteorological data is extracted from the NOAA's High Resolution Rapid
Refresh (HRRR; Benjamin et al. 2016) model at 3-km spatial resolution. More
specifically, we use surface temperature (T), relative humidity (RH), u/v-wind
components and planetary boundary layer height (PBLH) to account for different
atmospheric conditions at the lowest portion of the troposphere. The aforementioned
data are collected over the time period 2018-2019.

Pre-processing of data includes collocation of all the dataset over the EPA stations at
the closest time. Further subsetting in the time domain between 14-23 UTC is
performed to mitigate sun angle effects. Data for which the AOD is negative or the
quality flag is larger than 2 (low quality) are removed. In the space domain, AOD
retreivals might not always be available at the closest point from an EPA-station
location, therefore AOD pixels are extracted within a circle of radius 10 km
(euclidean distance) and their average is calculated.

The final dataset (69055), which encompasses all the aforementioned parameters
that are collocated with the ground-based (EPA) stations, is then split in training
(80%) and test (20%) size.

4/27


http://agu.confex.com/agu/fm19/meetingapp.cgi/Paper/490194

12/7/21,3:11 PM AGU - iPosterSessions.com (agu-vm-0)

4. APPLICATIONS
4.1 Fleet Model
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Figure 5. Model architecture for the fleet model.
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Feature selection using ensemble models has been utilized in the ML community and has
shown to help in identification of best initialized stochastic models. To investigate the spatial
patterns of PM2.5 concentration against the generalized model (XGBoost), the LSTM
architecture was chosen as a base model to train station-wise models. LSTM models are
therefore developed for each of the EPA stations and trained on accumulated dataset from the
individual station throughout the period 2018-2019.

Early studies recommended that the effects of extrinsic factors that influence the
AOD-PM2.5 relationship should be examine separately for each region (Hoff &
Christopher, 2009; Chudnovsky et al. 2012). Therefore, a station-wise model's
approach might indicate that there are extrinsic characteristics that might not be captured by
generalized models. In a given area, the height of the boundary layer and relative humidity
maybe less variant, thus leading to a more robust AOD-PMj 5 relation than other areas. A
new technique, termed fleet training (Figure 5), is proposed to account for these common,
unknown characteristics as well as iteratively improve the model. To identify common
characterisitcs between different stations the following technique is developed: Each of the
models trained on data from an individual station is subsequently trained on the rest of the
stations iteratively, by merging the corresponding data. If the model trained on the merged
data performed better (decrease in the MSE) than the model trained on the individual station,
then merging of the two datasets occurs. This process is performed for multiple iterations,
until the average MSE is not improved any further. A total of 6 iterations are performed in
this case leading to a decrease in the average MSE from 9.134 to nearly 7.783 and from 317
to 129 models (Figure 6).
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Figure 6. PM, 5 concentration measurements from EPA

ground-based stations over CONUS for 2020-08-25 at

20:00 UTC.

4.2 PM, 5 Estimates

PM2.5 Estimation from GOES-AOD for 2020-08-25T19:58:54
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Figure 7. PM, 5 estimation from the generalized XGBOOST model over CONUS for 2020-
08-25 at 19:58:54 UTC.
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The 2020 California wildfire season set a new record for the number of wildfires in the state
(wiki (https://en.wikipedia.org/wiki/2020 California_wildfires)). The generalized model was
used to calculate average PM; 5 concentrations for each grid cell on August 25, 2020 at
19:58UTC. For this time stamp, Figure 7 shows a map of the spatial distribution of
PM, 5 estimates. The maximum ma%nitude of PM, s estimates is 44 um m™ and the 85th
percentile has a value of 9.06 um m”. From a qualitative perspective, several
hotspots are prevalent over the CONUS in this map, especially over Florida, South Dakota
and Northern California. AOD retrievals from GOES-16 (Figure 8) are also elevated over
California, Texas and Northern Califronia. AOD trends also agree with PM, 5 estimates over
New Orleans. However, low AOD is observed over South Dakota, where PM; 5 estimate is
high. To obtain a better understading of the trends and pattern of PM; 5, Figure 9 is created,
which presents PM, 5 estimates from the model and PM, 5 measurements from the
EPA ground-based stations over plotted on the same map. PM, 5 measurements from the EPA
ground-based stations have a maximum of 112 pm m™ and 85th percentile of 20 um m"
(Figure 10). Elavated conentration of PM, 5 over the California fires is not well captured by
the model estimates which might be attributed to low number of samples of extreme PM,; 5 in
comparison to the total number of training samples or to erroneous AOD retrievals over very
thick smoke .
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Figure 8. Aerosol optical depth retreivals from GOES-16 for 2020-08-25 at 19:58:54 UTC.
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PM2.5 for 2020-08-25T19:58:54
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Figure 9. PM, 5 estimation from the generalized

XGBOOST model over CONUS for 2020-08-25 at 19:58:54 UTC. Scattered points
correspond to PM, 5 concentration obtained from the EPA ground-based stations at
20:00 UTC. PM; 5 values are capped at 20

um m3.

EPA PM, 5 concentration for 2020-08-25T20:00:00
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Figure 10. PM, 5 concentration measurements from EPA ground-based stations over CONUS
for 2020-08-25 at 20:00 UTC.

https://agu2021fallmeeting-agu.ipostersessions.com/Default.aspx ?s=97-24-56-27-2A-94-F4-5B-74-6C-3D-29-7D-2E-A5-E6&pdfprint=true& guestview=true 8/27



12/7/21, 3:11 PM AGU - iPosterSessions.com (agu-vm-0)

3. MODELS INPUT AND ARCHITECTURE
3.1 Model's Inputs

Correlation Matrix for Input Parameters
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Figure 3. Correlation matrix for the variables used in this study. EPA PM2.5
concentration (PM2.5); Relative humidity (RH); U-component of wind vector (UGRD);
V-component of wind vector (VGRD); Height of planetary boundary layer (HPBL);
Temperature (TMP); Aerosol optical depth retrievals (AOD).

The estimation of PMa 5 from satellites is based on the AOD, which is a columnar
estimate of the depth of aerosols in the atmosphere over a grid box. However, under
certain atmospheric conditions this estimate might deviate from the

"thuth" measurement obtained by ground-based stations. To account for such cases,
meteorological parameters from atmopheric models (i.e. HRRR) have been included.
To visualize the relations among the different variables used as input to the ML
model a correlation matrix is created (Figure 3). Temperature (TMP) can affect the
formation of (PM2 5) particles by enhancing the photochemical reactions between
precursors (Gupta and Christopher 2009). Temperature inversion can also reduce
the vertical mixing and therefore increase chemical concentration of precursors. A
correlation of 0.18 among the two parameters is obtained thoughout the time range
of this study and for all station data. Relative humidity (RH) affects the partitionof
semi-volatile species, with increased RH facilitating the partition of semi-volatile
species into the aerosol phase, thus resulting in an increase in PM concentration (Hu
et al., 2008). A correlation of 0.21 indicates a relatively weak dependence

of PM2 5 on the RH. Wind speed affects the horizontal dispersion (small- to large-
scale transport) of pollutants, thus modulating their concentration. The correlation
matrix indicates a very weak relation of the U- (-0.071) and V-wind (0.063)
components with the PMz 5 concentration. The planetary boundary layer height
(HPBL) has a direct effect on the concentration of aerosols in lower part of the
atmosphere. As the HPBL grows, pollution levels will be dilluted within the boundary
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layer, resulting in lower PM, 5 concentration measured by surface instruments (Gupta
& Christopher 2009). Once again the correlation matrix indicates a slightly negative
correlation coefficient (-0.17) which capture this inverse relation. The small positive
correlation is found between the AOD and PM, 5 (0.079), which might be attributed to
differences in the magnitude of correlation between the western (low) and eastern
(high) CONUS (Paciorek et al. 2008), as well as the amount of available
measurements (number of stations). Nevertheless, a correlation coefficient value of
near zero does not mean that there is no correlation, as there could be a nonlinear
relation. Additionally, the aggregated data over all stations may be indicative of the
difficulty to account for the regional differences of the atmosphere on a continental
scale.

3.2 Generalized model

LR KNR VR ST XEEOOST TUNLD_XGBOOST
Madal

Figure 4. Mean Squared Error (MSE) for different machine learning models. Linear
regression (LR); k-nearest neighbour (KNR); Support vector machine (SVR); Long-
short term memory (LSTM); Extreme-gradient boosting (XGBOOST).

To further explore the relation of PM, 5 concentration with AOD retrievals and the
aforementioned atmospheric variables, different machine learning methods are used,
which are trained on the aggregated datasets for the development of a generalized
model. Those methods range from simple linear regression model to more complex
tree-based and deep learning methods (Figure 4). The Linear Regression (LR)
model attains a high median MSE (18) and a large range (0-68), thus failing to
capture the complex relation between the input variables and the target (PM, 5). The
rest of the machine learning models, that is k-Nearest Neighbour (kKNR), Support
vector machine (SVR), Long-Short Term Memory (LSTM), eXtreme-Gradient
Boosting (XGBOOST) and tuned XGBOOST outperformed the LR with small MSE
(~10) and range less than 40. kKNR and XGBOOST have similar performance with a
median MSE of approximately 10, however the latter has a smaller MSE range (0-
35). SVR and XGBOOST attain the same range of MSE (0-40), however the
XGBOOST has a smaller median (8) from all the aforementioned models. Although
LSTM is adequate to handle sequence dependence prediction problems, tree-based
models such as the XGBOOST can perform better (smaller MSE) with less amount
of available data. This is in accordance with Xu et al. (2018) who also found that the
XGBoost was among the three best performing models against a total of eight for the
estimation of monthly average ground-level PM2.5 concentrations estimation over
British Columbia. In order to develop a robust model, the XGBOOST is tuned (e.g.
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number of iterations) using the learning curves as a diagnostic tool, providing the
final model (TUNED_XGBOOST). This model is characterized by a median MSE of 5
and a range 0-32.
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5.CONCLUSIONS AND ACKNWOLEDGEMENTS

Tropospheric aerosols can pose a significant threar for human health among other
effects. This study focuses on the estimation of surface PM2.5 concentration
combining remote sensing, in-situ and atmospheric model datasets. To obtain a
robust relation between satellite retrieved AOD and PM2.5 concentration, a multi-
parametric model needs to be defined. A comparison of different ML models
concludes that the XGBOOST outperformed the rest models. A generalized
XGBOOST model is trained by accumulating data from multiple ground-based
stations, satellite AOD retrievals and atmospheric parameters, the latter obtained
from atmospheric models. PM, 5 estimates were obtained on August 25, 2020. The
evaluation of model output with AOD and PM2.5 measurements indicates that the
generalized model was able to capture the overall patterns, with the exception of
California fires, where the estimates were low. To obtain a better representation of
PM2.5 spatial characteristic station-wise LSTM models are created and trained on
each individual station. The large number of these models is decreased from 317 to
129 by introducing the fleet training method, which in turn leads to a decrease in the
average MSE over all remaining models. This method is based on merging individual
station data into a station-wise model iteratively if the MSE after merging is
decreased in comparison with the station-wise model.

Future work will focus on evaluating the fleet training model on specific events, as
well as on a 7-day average map in order to obtain continuous estimates over the
CONUS.

This research is supported by NASA Grant NNM11AAO01A as part of the Interagency
Implementation and Advanced Concepts Team (IMPACT) program.
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ABSTRACT

Particulate matter (PM) with a diameter of less or equal to 2.5 pm, known as PM, s, affects human health as it penetrates the
respiratory system. The Environmental Protection Agency (EPA) measures the atmospheric concentration of PM, 5 using air
quality monitors stationed throughout the Continental United States (CONUS). Such measurements are points on a spatial
domain and therefore, might not be representative of the air quality at nearby areas considering that the composition of the
atmosphere is highly variable from place to place. Satellite based AOD permits a spatially uniform means of estimating
PM,; 5 and new geostationary satellites provide high temporal and spatial resolution estimation of AOD. However, the
concentration of PMj 5 is non-linearly dependent on other atmospheric parameters that include relative humidity, temperature,
and height of the planetary boundary layer. This information may be estimated at similar spatial and temporal resolutions as
AOD from numerical modeling such as from the National Oceanic and Atmospheric Administration’s (NOAA) High
Resolution Rapid Refresh (HRRR) model which resolves near real-time atmospheric conditions over the CONUS.

The estimation of PM, 5 concentration is a multi-parametric problem that considers the effect of temporal dependencies
among the different parameters. Deep learning approaches are appropriate for such complex estimation problems as they
intrinsically capture relations among multiple non-linear parameters. This study compares deep-learning methods to
traditional regression analysis to demonstrate the capabilities of these methods in predicting PM2.5 concentrations.
Additionally, a novel ensemble learning approach is employed to identify scientific processes that could further improve the
estimation of PM, 5 concentration. Utilizing Long Short-Term Memory (LSTM) neural networks, which are suitable for
multivariate time series estimation problems as they are capable of learning long-term dependencies, individual models are
created for each EPA station and trained on the aforementioned dataset collocated over each station. Individual station models
are merged if the model's performance is improved by reducing the root mean squared error (RMSE) metric. This ensemble
training method ultimately reduces the RMSE value. Evaluation of these results provide insights into physical processes and
related observable parameters that may contribute to PM, 5 concentrations. Identified parameters evaluated to be statistically
different between the merged and unmerged models are expected to improve overall performance. These new parameters are
then utilized for reevaluation of the deep learning methods with an extreme gradient boosting model with an RMSE of 5.5
providing the best results.
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