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Abstract
Atmospheric aerosols with an aerodynamic diameter of less than 2.5 micrometers (PM2.5) are the most
widely studied component of air pollution. Due to the lack of ground-level monitoring stations, PM2.5
concentrations are not widely monitored in Turkey. The Version 2 Modern-Era Retrospective analysis
for Research and Applications (MERRA-2) provides spatially and temporally continuous a variety of
aerosol diagnostic products from MERRA-2, including surface mass concentrations of dust
(DUSMASS25), sea salt (SSSMASS25), black carbon (BCSMASS), organic carbon (OCSMASS), and
sulfate (SO4MASS). With these parameters, ground-level PM2.5 concentrations were estimated using
the Extreme Gradient Boosting (XGBoost) model at 48 air quality monitoring stations in the Marmara
region, the most populated and industrialized area in Turkey. Several meteorological parameters from
MERRA-2 were also used as inputs to the estimation model. Temporal variables (i.e., Year, Month,
Day) were incorporated as covariates. The integration of these parameters directly affects the prediction
accuracy in the model. Ten-fold cross-validation (10-CV) was used to evaluate model performance.
Finally, ten-fold prediction results were combined and compared with PM2.5 concentrations from the
ground-level monitoring station. The correlation coefficient (R values) and root mean square error
(RMSE) were calculated as model performance indicators. Modeling results achieved overall daily
cross-validation (CV) R, RMSE, and MAE values of 0.86, 9.52, and 5.85 µg/m3, respectively.
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1. Introduction
With the rapid economic development and urbanization in the past four decades, severe
and widespread PM2.5 pollution has gradually become a major environmental issue
worldwide (EEA, 2020). Understanding spatial and temporal characteristics of PM2.5
concentrations is the basis for air pollution management and health effect studies. Groundbased measurements from ground monitoring networks provide the most accurate data.
However, few direct measurement data are available for long-term analyses, limiting policy
interventions and public health advisories.
Satellite aerosol products with favorable characteristics including broad coverage, high
spatial resolutions, and long-term records provide valuable aerosol information. Aerosol
optical depth (AOD), representing the degree to which aerosols attenuate light in the
atmospheric column, is a widely used dimensionless geophysical product for PM2.5
estimations (Meng et al., 2016; Chen et al., 2018; Ahmad et al., 2019; Park et al., 2019; Jin
et al., 2020; Wei et al., 2021). However, satellite-based PM2.5 estimations with AOD have
still problems producing sensitive, continuous, consistent, and reliable PM2.5 estimates over
different regions since spatial and temporal gaps in satellite AOD cause bias in PM2.5
estimation (Kamarul Zaman et al., 2017). Using PM2.5 components could be more critical
than AOD alone in the estimation models. Since the performance of the calculated ModernEra Retrospective Analysis for Research and Applications, version 2 (MERRA-2) PM2.5
concentrations varies and depends on many factors, including missing emissions, the role of
physical and chemical processes within the model, and its coarse resolution (Ma et al., 2020;
Gupta et al., 2021), machine learning approach can be alternative method to obtain more
reliable PM2.5 concentrations than MERRA-2 calculated PM2.5 concentrations. Novel
machine learning techniques allow us to create models with greater accuracy and flexibility
to combine remote sensing, land use, meteorological, and CTM inputs. They are also better
at incorporating temporal variation. Machine learning algorithms allow us to nonparametrically examine the relationship between the predictors of pollutant concentrations
and measured pollutant concentrations (Hu et al., 2017). EXtreme Gradient Boosting
(XGBoost) seems to overcome the traditional methods for estimating PM2.5 (Hu et al., 2017;
Yan et al., 2020; Wei et al., 2021; Zhang et al., 2021).
Studies estimating PM2.5 concentrations with only reanalysis aerosol diagnosis and
meteorological data using a machine learning model are limited in the literature (Gupta et al.,
2021). In this study, daily concentrations of PM2.5 over the northwestern part of Turkey
during the past 5 years were estimated with aerosol diagnostics, meteorology, spatial and
temporal information using an XGBoost model, which is a decision tree-based ensemble
machine learning algorithm widely used in data mining with high estimation success (Chen
& Guestrin, 2016). Hourly measurements of PM2.5 during 2015-2019 were collected, and
daily means were derived from hourly data. XGBoost model was developed to estimate
surface PM2.5 concentrations, and intra-comparison between observed, assessed, and
MERRA-2 derived PM2.5 concentrations were done. The seasonal performance of the
XGBoost model was also discussed.
2. Data and Methods
2.1 PM2.5 measurements
The Marmara region is in northwestern Turkey, and it is bordered by Greece and the Aegean
Sea to the west, Bulgaria and the Black Sea to the North. The Sea of Marmara, which gives
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the region its name is at the center of the region. The largest city in the region is Istanbul,
with a 15,462,452 population (TSI, 2021). Ground hourly PM2.5 observations were collected
from the official website of the European Environment Agency (EEA)
(https://www.eea.europa.eu/data-and-maps/data/aqereporting-8). On this site, EEA provides
European air quality information reported by all member countries and cooperating and other
reporting countries. The tapered element oscillating microbalance (TEOM) method or the
beta-attenuation method with appropriate calibration processes and quality controls are used
for measuring the ground-level PM2.5 concentrations. Finally, 48 ground monitoring stations
were included in this study (Fig. 1). The stations are distributed unevenly, and most of them
are clustered in the urban areas.

İstanbul
Marmara
Sea

Fig.1. Location of PM2.5 monitoring stations

2.2 MERRA-2 Aerosol and Meteorological Fields
MERRA-2 provides a multidecadal reanalysis for aerosol and meteorological
observations assimilated within a global data assimilation system (Gelaro et al., 2017). The
PM2.5 concentrations might also depend on the compositions of aerosols (Jin et al., 2020).
MERRA-2 also includes a multi analysis technique in the aerosol data assimilation used to
assimilate AOD considering the reflectance from different sensors such as the MODIS on
Terra (2000–present) and Aqua (2002–present), the Advanced Very-High-Resolution
Radiometer (AVHRR) (1979–2002), the MISR (2000–2014) and AOD measurements from
the AERONET network (1999–2014) (Randles et al., 2017). In this study, hourly
(M2T1NXAER 5.12.4) MERRA-2 aerosol diagnostic dataset including total Angstrom
Exponent (AE) parameter, surface mass concentrations of dust (DUSMASS, kg/m3), sea salt
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(SSMASS, kg/m3), SO4 (SO4MASS, kg/m3), black carbon (BCMASS, kg/m3), and organic
carbon (OCMASS, kg/m3) were obtained.
Meteorological parameters have crucial roles in the estimation of PM2.5 concentrations.
Several meteorological variables were selected according to many previous studies (Stagoffia
et al., 2019; Nabavi et al., 2019; Wei et al., 2020) that have indicated those factors having
substantial influence on PM2.5. Hourly averaged assimilated meteorological variables were
derived from MERRA-2 (https://gmao.gsfc.nasa.gov/reanalysis/ MERRA-2) including
planetary boundary layer height (PBLH, m), solar radiation (SRAD, W/m2), pressure (PS,
Pa), total cloud area fraction (TOTCLD, unitless), total precipitable water vapor (TQV,
kg/m2), total precipitation (TOTPREC, kg/m2/s), u-component (u, m/s), v-component (v, m/s)
of the wind, specific humidity (SHUM, kg water vapor/kg air), dew point temperature at 2 m
(DEWTEMP, K), the temperature at 2 m (T2M, K), evaporation (EVAP, kg/m2), the
temperature at 850 hPa (T850, K).
2.3 Auxiliary Data
Machine learning estimation models depend on the quantities of predictor variables, and
they also regard both spatial and temporal information (Hu et al., 2017). Therefore, PM2.5
estimation model with location information, including longitude and latitude, were developed
in this study. To include the temporal variability of PM2.5, temporal variables of Year
representing the long-term trends and Month and Day representing the seasonality effects
were included in the model. Chen et al. (2018) showed that using temporal variables in
estimation models could successfully replace remaining unknown parameters that regulate
daily PM concentration. Hence, temporal variables were used as input to resolve the
significant temporal variation of PM10 in the region.
2.4 Data integration and Model Construction
Spatiotemporal collocation was carried out for all variables to be matched in time and
space by accounting for differences in the resolution and frequency of all independent
variables and PM2.5 concentrations. Locations of PM2.5 monitoring stations were used to
match the MERRA-2 pixels for data integration. When there was more than one monitoring
station in the same MERRA-2 grid cell reporting PM2.5 on the same day (and thus would
share all covariate values), all available PM2.5 measurements were averaged in that cell.
Outputs from MERRA-2 aerosol fields and meteorological data with 0.625o by 0.5o spatial
resolution containing each PM2.5 monitoring station were extracted. All data used in the
modeling study are given in Table 1.
Spatiotemporal regression matrix was prepared by integrating spatial covariates,
meteorology, aerosol fields, and available additional temporal covariates for the area in PM2.5
estimation. This integrated data set, which includes inputs and output, contains 17,203
samples used to train and validate the XGBoost model. The XGBoost selects a decision tree
as its base learner. Adding new base learners reduces the estimation error, and the final
estimated values equal the mean of all base learners. A complete XGBoost model is
established by building decision trees constantly (Zheng & Wu, 2019). The XGBoost applies
the greedy algorithm to build the decision tree based on the object function.
During the training, 17,203 data samples were divided randomly divided into ten subsets.
The process was repeated ten times until every subset had been treated as the test dataset.
Twenty-three variables, mainly meteorological and aerosol parameters, were used to build a
model based on XGBoost to estimate PM2.5 concentrations. Then, the value of the
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importance of each feature (F-score in the XGBoost model) was calculated. In this study,
daily observed, estimated, and MERRA-2 derived PM2.5 concentrations were also compared.
The MERRA-2 derived PM2.5 is calculated using the following equation (as used by Becker
et al., 2021):
PM2.5 = DUSMASS25 + SSMASS2.5 + BCSMASS + 1,4 x OCSMASS, +1.375 x SO4SMASS

(1)

DUSMASS25, SSMASS25, BCSMASS, OCSMASS, and SO4SMASS are the surface
concentrations of dust, sea salt, black carbon, organic carbon, and sulfate particles.
Table 1. Data used in XGBoost model
Data Type

Parameter
Planetary Boundary
Layer Height
Solar Radiation
Total Precipitable
Water Vapor
Total Precipitation

Meteorology

Reanalysis
Aerosol

Ground-based
measurement

Abbreviation

Unit

PBLH

m

SRAD

W/m2

TQV

kg/m2

PREC

Specific Humidity

SHUM

Evaporation
Temperature at 2m
Dewpoint
Temperature at 2m
Surface Pressure
Total Cloud Area
Fraction
u and v wind
component
Sea Salt Surface
Mass Concentration
Dust Surface Mass
Concentration
Sulphate Surface
Mass Concentration
Black Carbon
Surface Mass
Concentration
Organic Carbon
Surface Mass
Concentration
Angstrom Exponent

EVAP
TEMP

kg/m2/s
kg water
vapor/
kg air
m
K

DEWTEMP

K

P

hPa

CLOUD

unitless

u, v

m/s

PM2.5 Concentration

Spatial
and
Temporal
Resolution

Source

Hourly - 50
km

MERRA-2
Reanalysis
https://gmao.g
sfc.nasa.gov/r
eanalysis/

Hourly - 50
km

MERRA-2
Reanalysis
https://gmao.g
sfc.nasa.gov/r
eanalysis/

Hourly point

European
Environment
Agency (EEA)
(https://www.e
ea.europa.eu/d
ata-andmaps/data/aqe
reporting-8

SSSMASS25
DUSMASS25
SO4SMASS

kg/m

3

BCSMASS
OCSMASS
AE

Unitless

PM2.5

µg/m3
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3. Results
3.1 Variable importance
F-scores of independent variables calculated by the XGBoost model are given in Fig. 2.
Variable importance results indicated that among the aerosol diagnosis, BCMASS and
DUSMASS25 were more significant than other components to estimate PM2.5 concentrations
over the region. The AE parameter representing the particle size properties was also found
the second most important variable in the XGBoost model. EVAP, PBLH, PS, and TOTCLD
were at the top of the essential variables. EVAP and PS can also encourage the production or
removal of PM (Steinberg et al., 2018). Cloud cover leads to reduced photochemical reaction
related to PM2.5 production. PS is a significant meteorological variable since higher pressure
blocks the vertical dispersion, particularly with a low PBLH (Su et al., 2018). PBLH is also
important since it is associated with atmospheric stability affecting the vertical distribution
of pollution. Chen et al. (2018) and Nabavi et al. (2019) indicated that integrating temporal
variables into the estimation model could regulate daily estimated PM concentrations. Hence,
years representing the long-term trend were found most significant inputs to resolve the
significant temporal variation of PM2.5. Spatial information showed a low contribution in the
XGBoost model since the study area represents a small geographical region and spatial
variability of the independent variables is not significant.

Fig. 2. F-scores of the independent variables in the XGBoost model.

3.2 Model performance
Fig. 3 indicates the scatterplots and includes the XGBoost model cross-validation (CV)
result. Modeling results achieved overall daily cross validation (CV) R, RMSE, and MAE
values of 0.86, 9.52, and 5.85 µg/m3, respectively. The R-value >0.70 is considered
significant in the literature (Ahmad et al., 2019) and represents a strong positive linear
relationship between observed and estimated values. Results concluded that the XGBoost
model can handle random variations in PM2.5 concentrations and is considered acceptable
over the region. The XGBoost model relatively underestimated PM2.5 concentrations (slope

35

36

ProScience 8 (2021) 31-38

= 0.71, intercept = 6.8 μg/m3), indicating slightly weak estimations on heavily polluted days.
Other studies in the literature (Ma et al., 2016; Wei et al., 2019) were also found such
underestimation.

Fig. 3. The CV estimation performance of the XGBoost model for daily PM2.5 concentrations.

The estimated ground-level PM2.5 concentrations were compared based on MERRA-2
derived PM2.5 concentrations calculated by Eq. (1), and results are given in Fig. 4. MERRA2 derived PM2.5 concentrations were significantly lower than observed PM2.5 concentrations.
Estimated PM2.5 concentrations showed better accuracy than MERRA-2 derived
concentrations, mainly for higher PM2.5 concentrations over the region. It is important to note
that MERRA-2 does not include any data for nitrate in its PM2.5 composition, causing a
significant underestimation in the areas with substantial nitrate concentration. Such
underestimations were also found in different studies in the literature (Ma et al., 2020; Gupta
et al., 2021).

Fig. 4. Intercomparison of MERRA-2 derived observed and estimated PM2.5 concentrations.
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In general, the XGBoost model adequately estimated PM2.5 concentrations at the seasonal
scale, even though the performance of the model slightly varied in different seasons (Fig. 5.).
Winter and autumn showed the lowest accuracies because the model mainly underestimated
the higher concentrations over the region. Spring and summer showed similar accuracy and
achieved higher accuracy than a polluted season.

Fig. 5. Seasonal performance of XGBoost model.

4. Conclusion
The performance of MERRA-2 derived PM2.5 worldwide varies and depends on many factors
including missing emissions, role of physical and chemical processes within the model, and
its coarse resolution. This is the first study that used individual components of aerosol mass
concentrations to calculate ground-level PM2.5 mass concentration using a machine learning
approach over Turkey. This study used MERRA-2 aerosol diagnostics and meteorological
parameters, PM2.5 concentrations from ground monitoring stations for model development.
The integrated dataset was then used to train the XGBoost model to estimate surface PM2.5
mass concentration at a daily scale. The results show that MERRA-2 aerosol diagnosis
provides an effective tool for assessing PM2.5 concentrations over the study region as an
alternative to MERRA-2 derived PM2.5 concentrations. The developed XGBoost model can
be applied to the long-term MERRA-2 datasets, and spatiotemporal variation of PM2.5
concentrations can be evaluated over the region.
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