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Abstract
Aerosol optical depth (AOD) is a significant predictor that can support PM concentrations in a region
without ground-based monitoring. Estimation of intra-daily ground-level PM10 concentrations based on
satellite AOD products has been widely used over large areas with the help of machine learning models.
This study was the first attempt in the north-western part of Turkey to estimate daily PM10
concentrations based on Collection 6.1 (C6.1) Moderate Resolution Imaging Spectroradiometer
(MODIS) DTB AOD products from Terra and Aqua satellites. A space-time random forest (STRF)
model outperformed most models with strong predictive power to evaluate the differences between the
time windows representing the mean PM10 around the overpass times of the satellites with the
synergetic use of space-time information over Turkey was developed in this study. Several
spatiotemporal parameters such as MODIS AOD, meteorological, and land-related data were used to
improve the overall accuracy of PM10 estimation for 2008-2019. The most significant 13 variables were
used to estimate PM10 in the final STRF model. The STRF model performed moderately well, with a
moderate correlation coefficient (R) of 0.71 (0.73) for Terra (Aqua) satellite overpass time. The model
better estimated PM10 concentrations at Aqua overpass time (R~0.73 and RMSE ~27.3 µg/m3).
Moreover, the STRF model developed in this study is the first step to construct a high-quality PM10
dataset over the region with poor air quality due to industrialization and the rapid growth of the regional
population.
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1.

Introduction

Satellite aerosol products with favorable characteristics including broad coverage, high
spatial resolutions, and long-term records provide valuable aerosol information. Aerosol
optical depth (AOD) is a widely used dimensionless geophysical product, representing the
degree to which aerosols attenuate light in the atmospheric column. AOD from various
satellites and sensors have been widely used to estimate both ground-level PM10 or PM2.5
concentrations over large areas as demonstrated in the literature (Meng et al., 2016; Chen et
al., 2018; Ahmad et al., 2019; Park et al., 2019; Staggofia et al., 2019; Jin et al., 2020; Meng
et al., 2021; Wei et al., 2021a, b). AOD can be measured by satellites and ground-based sun
photometers at different network stations worldwide (NASA, 2018). Since the coverage of
the ground-based stations is minimal in most countries, satellites have a significant role in
obtaining more extensive spatial coverage of aerosol data. However, satellite-based PM10
estimations with AOD has still problems producing sensitive, consistent, and reliable PM
estimations over different regions since spatial and temporal variability in the relationship
between AOD and surface PM is location-specific.
With the continuous improvements in aerosol retrieval algorithms, AOD products from
various satellite sensors have been commonly used in PM10 estimation. However, AOD from
the MODIS (Moderate Resolution Imaging Spectroradiometer) aboard NASA's Terra and
Aqua satellites are the most used data source for PM estimation (Chen et al., 2019a; Park et
al., 2019; Nabavi et al., 2019; Wei et al., 2019, 2020; Yan et al., 2021). Instead of
conventional statistical models, recent advances with the development of advanced statistical
techniques such as artificial intelligence (AI) and machine learning (ML) models have
become popular due to their highly flexible application and higher prediction abilities (Hu et
al., 2017). They can also be the best options to solve the complex nonlinear relationship
between AOD, PM, and auxiliary variables and generally achieve superior predictive
performance (Chen et al., 2018; Park et al., 2019; Wei et al., 2019; Just et al., 2020; Wei et
al., 2020a, 2021a).
Although several studies have estimated daily PM10 or PM2.5 concentrations with AOD
over China (Hu et al., 2017; Chen et al., 2018; Wei et al., 2019), USA (Jin et al., 2020; Just
et al., 2020; Ghahremanloo et al., 2021), and Europe (Staggofia et al., 2017, 2019), there is
only one study (Zeydan & Wang, 2019) that estimated 24-h mean PM2.5 concentrations in
Turkey. This study developed a space-time random forest model to solve the nonlinear and
complex relationship between PM10 and AOD using meteorological and land-related data
over the northern part of Turkey. To the best of our knowledge this is the first study aimed
to estimate intra-daily PM10 concentrations using the C6.1 MODIS AOD product in Turkey.
Since the MODIS sensor is onboard two satellite platforms (Terra and Aqua), which have
different overpass times (10:30 LST and 13:30 LST), two national models were developed
to estimate intra-daily PM10 concentrations around the overpass times of Terra and Aqua
satellites which includes spatiotemporal information to address temporal variations and
spatial heterogeneities in the region. The comparison of the estimation performances for
different time windows was determined. Site-based differences of model performances were
also discussed.

21

ProScience 8 (2021) 21-29

22

2. Data and Methods
2.1 PM10 measurements
The Marmara region is in north-western Turkey, and it is bordered by Greece and the
Aegean Sea to the west, Bulgaria, and the Black Sea to the North. At the center of the region
is the Sea of Marmara, which gives the region its name. The largest city in the region is
Istanbul, with a 15,462,452 population (TSI, 2021). The hourly ground-based PM10
concentrations for 2008–2019 were obtained. Data were retrieved for each station from the
Ministry
of
Environment
and
Urbanization
(MEU)
(https://sim.csb.gov.tr/STN/STN_Report/DataBank). Hourly PM10 concentrations were used
after data cleaning. The ground-level PM10 data in Europe were measured by the tapered
element oscillating microbalance (TEOM) method or the beta-attenuation method using
appropriate calibration processes and quality controls. Finally, 72 ground monitoring stations
were included in this study (Fig. 1).

Fig.1. Location of PM10 measurement stations

2.2 Satellite AOD data
Level 2 MODIS AOD products from January 2008 to December 2019 were obtained from
the Level 1 Atmosphere Archive and Distribution System (LAADS) website
(https://ladsweb.modaps.eosdis.nasa.gov/) as an HDF (Hierarchical Data Format) file.
MODIS merged AOD product was used including DT and DB AOD (DTB) based on the
Normalized Difference Vegetation Index (NDVI) was generated by a combination of the DT
and DB algorithms (Levy et al., 2013). Both C6.1 MOD04 (Terra) and MYD04 (Aqua) DTB
AOD products were used to extract AOD at 550 nm (AOD550) with a spatial resolution of 10
km × 10 km products for model development. The scan starts of two MODIS sensors (Terra
and Aqua) vary between 07:00-12:00 UTC over Turkey.
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2.3 MERRA-2 Meteorological and Aerosol Fields
Meteorological parameters have crucial roles in the relationship between PM10 and AOD.
The related meteorological variables were considered 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 PM and its relationship with AOD. Hourly data of solar
radiation (SRAD, Wm-2), pressure (P, Pa), u-component (u, m/s), v-component (v, m/s) of
the wind and surface roughness (ZOM, m) were used in this study covering the period of
2008-2019. The hourly averaged assimilated meteorological variables were derived from the
Modern-Era Retrospective Analysis for Research and Applications, version 2 (MERRA-2)
(https://gmao.gsfc.nasa.gov/reanalysis/ MERRA-2). MERRA-2 provides a multidecadal
reanalysis for aerosol and meteorological observations assimilated within a global data
assimilation system (Gelaro et al., 2017).
The PM–AOD relationship 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-HighResolution Radiometer (AVHRR) (1979–2002), the MISR (2000–2014) and AOD
measurements from the AERONET network (1999–2014) (Randles et al., 2017). In this
study, an hourly (M2T1NXAER 5.12.4) MERRA-2 aerosol diagnostic dataset, including the
surface mass concentrations of dust (DUSMASS, kg/m3), was obtained.
2.4 Auxiliary Data
The geographical data of land parameters, including the Global Multi-resolution Terrain
Elevation Data 2010 (GMTED2010) at 250 m resolution, was used to obtain the elevation to
represent the dispersion effects with topography. Since the land surface types vary
significantly across the region, the terrain variations can affect the diffusion of air pollutants
(Wei et al., 2019). The MODIS C6 monthly NDVI products (MOD/MYD13A3) at 1 km
resolution were also used to define surface types. NDVI is commonly used to represent
vegetation change status and vegetation coverage. NDVI ranges from -1 to 1, with negative
values indicating urban water area, rocks, or soil are shown with near-zero values and positive
values representing the green and densely vegetated area (Didan et al., 2015).
Machine learning estimation models were dependent on the quantities of predictor
variables, and they also regard both spatial and temporal information (Hu et al., 2017).
Therefore, PM models with location information, including longitude and latitude, were
developed in this study. To include the temporal variability of PM10, temporal variables of
cumulative days since 2007 (cdate) representing the long-term trends and Day of the Year
(DOY) representing the seasonality effects were included in the model. Chen et al. (2018)
showed that the use of day of the year (DOY) as an informative temporal feature could
successfully replace remaining unknown parameters that regulate daily PM2.5/PM10
concentration. Hence, DOY named jday in the study was used as input to resolve the
significant temporal variation of PM10 in the region.
2.5 Data integration and Model Construction
Re-processing data with different spatial intervals and temporal resolutions for integration
is required. A 10-km grid was created precisely matched to the combined AOD pixels. Within
a spherical distance of 50 km from each PM10 monitoring site, valid AOD retrievals were
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extracted from the MODIS Level-2 swaths (in 10 km resolution). A mean AOD for a given
date and station was calculated if more than five valid AOD measurements were available
within a search radius of 50 km. This radius was selected to consider the differences in the
sampling of AOD and ground-level PM10. The MODIS 10 km grid was used to integrate all
the datasets. When there was more than one monitoring site in the same 10 km × 10 km
MODIS grid cell reporting PM10 on the same day, all available PM10 measurements were
averaged. AOD from both satellites was evaluated with a separate estimation model. Two
main PM10 estimation models were developed for each time window: (1) Intra-daily STRF
model with Aqua AOD model using the Aqua AOD product to estimate PM10 around the
Aqua overpass time. This model estimates the mean PM between 10:00–12:00 LST; (2) the
Intra-daily STRF model with Terra AOD model estimates PM10 around the Terra overpass
time. This model uses Terra AOD product as a predictor and estimates the mean PM between
07:00–10:00 LST.
In this study, the single value or average of PM10 concentrations within ± 30 min (~ 1-hr)
of the overpass times of the Terra and Aqua satellite was used (Yao & Palmer, 2021). This
is because different times of the day are characterized by different PM concentrations due to
variability in the influencing factors such as anthropogenic activities such as industry,
heating, and transportation, meteorological conditions and air mass properties, and longrange dust transport or dust from local sources (Tuna Tuygun & Elbir, 2020). The MERRA2 dataset used to analyze relationships between PM10 and AOD has a spatial resolution close
to 50 km. MERRA-2 aerosol fields and meteorological data were matched to each MODIS
grid if this MODIS grid fell into a given MERRA-2 grid. All synchronous meteorological
data at PM10 observation times were used for this investigation. The 13 selected independent
variables, including spatial and temporal covariates, were paired with the intra-daily PM10
concentrations for each station on each day. After discarded invalid data, 38,126 and 38,464
paired data were obtained for Terra and Aqua, respectively.
Previous studies that estimated PM concentrations with ML techniques frequently used
the RF model (Hu et al., 2017; Chen et al., 2018; Wei et al., 2019; Yang et al., 2020), which
showed performance than other ML models (Hu et al., 2017; Chen et al., 2018;
Ghahremanloo et al., 2021). It has many abilities such as handling several input variables
without dimensionality reduction, robustness to outliers, user-friendliness and requiring only
a few parameters to tune. RF was applied in this study to develop estimation models to
estimate PM10 concentrations. Ground-based PM10 measurements were used as the dependent
variable, and all mentioned variables were used as independent variables to training the RF
model. The training dataset was built by a randomly selected sample (90%), and the rest
(10%) was used as the test dataset to test RF model performance. Variable importance scores
for each satellite overpass time were also calculated. The basis of variable importance
determination calculated by RF determines the importance scores of variables used in the RF
model by using the Mean Squared Error (MSE) of out-of-bag (OOB)/held-back data which
do not use linear relation between the variables. The importance metrics of each variable
were then calculated after the model fitting process. The features selected at the higher nodes
of the tree provide a more robust estimation in the final RF model.
3. Results
3.1 Variable importance
AOD had no significant importance in the RF model for Terra overpass time, as seen in Fig.
2. However, Aqua AOD was determined as the second most important variable. The low and
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high significance of AOD has been reported by Park et al. (2019) and Wei et al. (2020),
respectively. Variable importance results indicated that the relationship between PM10 and
AOD could notably be affected by dust aerosols in PM10 and solar radiation for both satellite
overpass times. The importance of wind components on PM10 estimates was consistent with
previous studies (Stafoggia et al., 2019). P is another significant meteorological variable
since higher pressure blocks the vertical dispersion, particularly with a low PBLH (Su et al.,
2018). Chen et al. (2018) and Nabavi et al. (2019) indicated that the integration of temporal
variables into the estimation model (e.g., day of the year) could regulate daily estimated PM
concentrations. Hence, jday and cdate are significant input to resolve the significant temporal
variation of PM10. Spatial information showed a lower contribution in the RF model.

Fig. 2. Regional variable importance scores for Terra and Aqua overpass times.

3 .2 Model performance
The estimated ground-level PM10 concentrations from two different RF models were
compared based on satellite overpass time. Fig. 3 indicates the scatterplots, including the
model training and testing results of the RF models. The random forest model indicated that
the observed and estimated PM10 concentrations were moderately correlated as the R-value
reached 0.71 and 0.73 for the Terra and Aqua overpass times. The RF models with Terra and
Aqua AOD mainly underestimated PM10 concentrations (slope = 0.44-0.48; intercept = 3628 μg/m3), indicating weak estimations on heavily polluted days. Other studies in the
literature (Ma et al., 2016; Wei et al., 2019) also found such underestimation.
The developed model highly underestimated the higher concentrations, as shown in Fig.
3(b). Although a statistically significant difference was not found between the satellite
overpass times, the RF model with Aqua AOD produced a slightly better R-value than Terra
AOD. At the same time, RMSE and MAE were observed smaller in the RF model with Aqua
AOD. Considering regional calibration of the PM10-AOD relationship, the best STRF model
developed for the entire region can explain 53% of the intra-daily variability with Aqua AOD
(Fig. 3(a)).
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Fig. 3. The correlation (R) values for train and test data analysis with DTB AOD products (a) and variation of the
observed and estimated daily PM2.5 concentrations by the DTB AODs (b).

Figure 4 shows the spatial distribution of site-based RF model performance over the 72 PM10
monitoring stations. The STRF-model estimated daily PM10 concentrations wide correlation
range with ground-level PM10 concentrations (R=0.25-0.90) and with various estimation
uncertainties (RMSE = 20–94.5μg/m3). Overall, the site-based R over the stations is 0.62,
and the RMSE is 31.5 μg/m3, respectively. The station-based performance showed various
performances, with high differences in evaluation metrics. The worst performances were
found in the stations over highly urbanized areas. Twenty-two and twelve percentages of the
stations showed good performance (R>0.70) to estimate PM10 concentrations for Terra and
Aqua overpass time, respectively.
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Fig. 4. Site scale RF model performance over Terra and Aqua overpass time.

4. Conclusion and Discussions
In the present study, the RF model was constructed to decrease the uncertainty from
spatiotemporal variations by increasing the overall estimation performance of the groundlevel PM10 concentrations. The STRF model was firstly proposed in this study to estimate
long-term PM10 concentrations over 11 years based on AOD from different satellites in the
Northwestern part of Turkey. The results indicated that the RF model, as the advanced ML
method based on AOD, had a moderate capability to estimate PM10 concentrations over the
region. The model performance also showed site-specific results. It was shown that the
random forest model performance showed slight differences based on satellite overpass time.
The complex relationship between AOD and PM10 and the accuracy of all the input
parameters can cause inevitable uncertainties in satellite PM10 estimates. Mainly, satellite
AOD products have some limitations and disadvantages. Multiple approximations and
assumptions in the AOD retrieval algorithms involving several atmospheric parameters can
cause significant uncertainties and errors in the PM estimation models.
There is no adequate AERONET station to evaluate AOD quality, and significant
uncertainties might still exist over the region. AOD with a coarse spatial resolution can cause
a decrease in the model accuracy since a large area is represented by each pixel over land
surfaces. Most studies have recently preferred to use MAIAC AOD with the 1-km spatial
resolution to estimate PM concentrations (Wei et al., 2019a; Stafoggia et al., 2019). Another
limitation of satellite products is the non-random missingness. AOD data is mainly affected
by cloud cover, bright surfaces, and high aerosol loadings incorrectly regarded as clouds
(Xiao et al., 2017).
The predictive power of the proposed model can be improved, and the model can also be
used for generating national or regional PM10 maps instead of the site-based estimation
results. Improvements can be made with the help of continuous enhancements in new
satellites and satellite platforms and more advanced ML methods. According to the model
evaluation results with stacking two ML method, proposed stacking models outperformed
individual models.
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