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Objective: “Atmospheric Optical Depth (AOD) product effectiveness is limited for local-
scale applications, particularly in urban air pollution monitoring, due to its coarse spatial
resolution. This study aims to improve the accuracy of AOD estimation by leveraging
Landsat remote sensing data and integrating advanced machine learning and deep learning
techniques.”

Methods: To evaluate the accuracy of AOD estimation, six algorithms were tested:
Multiple Linear Regression, Support Vector Regression (SVR), Random Forest
Regression, Extra Trees Regression, Deep Multilayer Perceptron, and Deep Forest
Regression. A decision-level fusion approach based on averaging was employed to
integrate the results. The study utilized albedo data, 1 km resolution AOD products from
the MODIS sensor, and top-of-atmosphere reflectance data from the OLI sensor (with 7
bands). Additionally, 180 AOD measurements from the AERONET (Aerosol Robotic
Network) were used for training and validation. The study period covered the years 2014
to 2022.

Results: All algorithms demonstrated relatively strong performance, with R? values
ranging from 0.73 to 0.86 and Root Mean Square Error (RMSE) values between 0.185 and
0.414. The Deep Multilayer Perceptron algorithm achieved the best performance, although
the differences among the algorithms were minor. The decision-level fusion approach
improved estimation accuracy, achieving an R2 of 0.86 and reducing RMSE to 0.202.
Conclusions: The proposed method, which combines machine learning and deep learning
techniques with Landsat-8 imagery, shows significant potential for generating high-
resolution AOD datasets. This approach can enhance the accuracy of AOD estimation,
making it more suitable for local-scale applications such as urban air quality monitoring.
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Introduction

Monitoring Atmospheric Optical Depth (AOD) is of significant importance due to the critical role of
atmospheric aerosols in influencing the radiation reaching the Earth's surface (Liang et al., 2022; Rendana et al.,
2022; Tao et al., 2017a; X. Zhu et al., 2022a). AOD is a key parameter in studies related to global climatology,
atmospheric pollutants, forest fires, and atmospheric corrections for remote sensing imagery to derive surface
reflectance (Aube et al., 2000). However, the low spatial resolution of current AOD datasets, coupled with their
significant deviation from ground-based measurements, poses a major challenge in accurately estimating surface
energy. Additionally, each downscaling method has its own strengths and weaknesses depending on the
computational algorithms employed. In statistical downscaling, it is assumed that there is a meaningful spatial
and temporal relationship between AOD concentration and high-resolution satellite imagery. Consequently,
linear and non-linear methods are used to model the relationship between these datasets (H. H. Chang et al.,
2014).

Torres et al. were among the first to propose an AOD downscaling method by combining Support Vector
Regression (SVR) and kriging. Their study utilized MACC datasets, ground-based meteorological data from 213
stations, and AERONET data from Spain. The SVR method demonstrated promising results, with the estimated
error from the modeled data being lower than that of the MACC data based on AERONET measurements. The
validation metric, Root Mean Absolute Error (RMAE), indicated that the predicted data had an error of 10.2%,
outperforming the MACC data, which had an error of 18.5% (Antonanzas-Torres et al., 2014a). However, this
study had limitations, such as the lack of correlation metrics between predicted and validation data, and the
exclusive use of MACC data with a spatial resolution of 20 km, despite the availability of MODIS data with a 10
km resolution.

High-resolution AOD data are essential for identifying local pollution caused by human activities,
particularly in the context of rapid urbanization and associated air pollution. Previous studies have explored the
feasibility of using various remote sensing data sources for high-resolution AOD estimation in urban areas. For
example, Sun et al. estimated Landsat-8 AOD at a 500-meter resolution using relationships between AOD,
surface reflectance, and top-of-atmosphere (TOA) reflectance based on radiative transfer simulations (Sun et al.,
2016). However, a limitation of this approach is that atmospheric corrections are applied uniformly across the
entire satellite image, which may not account for spatial variations in AOD concentration, thus limiting the
reliability of the results.

To address these limitations, two primary methods for MODIS AOD retrieval were developed by 2018: the
Deep Blue (DB) method, which produces 10 km resolution AOD products, and the Dark Target (DT) method,
which generates 3 km resolution AOD products. However, these methods have their own drawbacks, such as the
low spatial resolution of DB and the reduced accuracy of AOD estimation over densely vegetated areas in DT.
Bilal et al. attempted to overcome these limitations by integrating data at the decision level. They resampled 10
km DB data to 3 km using the nearest-neighbor method and then applied the SDS method for data fusion.
Validation using AERONET data from 2008 to 2012 showed that the RMSE for the 3 km DT method was 0.54,
while the fused method achieved an RMSE of 0.26, indicating significant improvement (Bilal et al., 2018).
However, the reliance on data redundancy for resampling and the limited effectiveness of the SDS method
highlight the need for more robust decision-level fusion techniques.

In 2019, NASA introduced a 1 km resolution AOD product based on multi-angle imaging (MAIAC), which
provides daily global AOD estimates. However, cloud cover and unfavorable surface reflectance conditions
often lead to significant data gaps. To address this, Li et al. used an artificial neural network to fill missing data
by converting daily data into weekly composites, thereby creating cloud-free images. The model was trained
using auxiliary data, including hourly PM2.5, PM10, NO2, and SO2 measurements, which, despite their lower
spatial resolution, provided high temporal accuracy. The results showed a correlation of 0.85 with the original
AOD data, with fewer missing values (C. Li et al., 2020). However, most of these studies were limited to small
regions, raising concerns about the generalizability of the algorithms to other latitudes.

NASA also developed the Land Surface Reflectance Code (LaSRC) for global atmospheric correction of
Landsat-8 imagery, based on the 6SV radiative transfer model. LaSRC uses reflectance ratios derived from
MODIS and MISR data at a 5 km resolution to retrieve AOD at 550 nm for each 30-meter Landsat-8 pixel.
However, several factors, such as aerosol type, land cover variability, and human activities, introduce
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uncertainties in AOD retrieval. These factors are often oversimplified, for example, by assuming a Lambertian
surface and constant aerosol type, leading to significant uncertainties in AOD estimation.

One potential solution to these challenges is the incorporation of prior knowledge and the use of advanced
machine learning and deep learning algorithms to improve AOD estimation. Several studies have demonstrated
the effectiveness of neural networks and machine learning in modeling the relationship between satellite
observations and ground-based AOD measurements, yielding satisfactory results. However, these methods also
have their limitations, which can reduce their overall effectiveness. Therefore, a more efficient approach is to
integrate results at the decision level, leveraging the strengths of each model to enhance AOD estimation
accuracy. By combining data and algorithms, the precision of results can be improved at the decision level. Thus,
the objective of this study is to compare various machine learning and deep learning methods and propose an
efficient approach for integrating their results to downscale AOD values effectively.

Materials and Methods

In this study, we used satellite observations from Landsat 8 and MODIS, in combination with AERONET
ground station data, to estimate and downscale Aerosol Optical Depth (AOD) over Zanjan County during 2014—
2022. All data preprocessing was performed on the Google Earth Engine platform. Atmospheric correction was
applied to Landsat imagery, and MODIS AOD data were resampled to match Landsat's spatial resolution.
Ground-based AOD measurements from AERONET and hourly air pollution data (PM2.5, PM10, NO2, SO2)
were used for model training and validation. To ensure spatial and temporal consistency, appropriate resampling
and filtering techniques were employed. Cloud-contaminated pixels were masked out using Landsat quality
bands. The final dataset was used to train both machine learning and deep learning models for improving AOD
downscaling performance in the study area.

Results

In this study, the performance of six machine learning and deep learning algorithms for estimating Atmospheric
Optical Depth (AOD) was evaluated. The algorithms examined include: Multiple Linear Regression (MLR),
Support Vector Regression (SVR), Random Forest Regression (RF), Extra Trees Regression (ET), Deep
Multilayer Perceptron (MLP), and Deep Forest Regression (DFR). The evaluation was conducted using the
coefficient of determination (R? and Root Mean Square Error (RMSE) metrics. Table 1 summarizes the
performance of each algorithm. The R2 values ranged from 0.73 to 0.86, indicating the models' capability to
explain and predict AOD values. The RMSE values varied between 0.185 and 0.414, reflecting differences in
prediction accuracy among the algorithms. Specifically, the MLP algorithm demonstrated the best performance,
with an R2 of 0.889 and an RMSE of 0.279.

To further enhance AOD estimation accuracy, a decision-level fusion approach based on averaging was
employed. This method increased the R2 to 0.86 and reduced the RMSE to 0.202, highlighting the potential of
fusion techniques for generating high-resolution AOD datasets.

Superior Performance of Deep Multilayer Perceptron (MLP): The MLP algorithm achieved the lowest
Mean Squared Error (MSE) of 0.078 and RMSE of 0.279, outperforming the other algorithms. It also exhibited a
high correlation coefficient (R? = 0.88) between predicted and observed AOD values.

Competitive Performance of Other Machine Learning Algorithms: The other machine learning
algorithms, including SVR, RF, ET, MLR, and DFR, also demonstrated acceptable performance. Their RMSE
values ranged from 0.185 (for MLR) to 0.414 (for RF).

Improved Accuracy with Decision Fusion: The decision-level fusion approach significantly improved
AOD estimation accuracy, achieving an RMSE of 0.202 and an R? of 0.86. This underscores the effectiveness of
fusion methods in enhancing prediction precision.

Greater Stability of Decision Fusion: The lower standard deviation (0.06) for decision fusion indicates
greater stability compared to individual algorithms, making it more robust to input data variability.

Strengths and Weaknesses of Algorithms: While MLP showed the best average performance, its error
occasionally increased to 0.43. In contrast, MLR, despite its higher average RMSE, exhibited a lower minimum
error (0.16) compared to MLP.
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In summary, machine learning and deep learning methods generally provided higher accuracy, while linear
regression also demonstrated reasonable performance. By integrating results at the decision level, the accuracy
and reliability of AOD estimation were significantly improved.

Conclusion

This study aimed to improve the downscaling of AOD by integrating machine learning and deep learning
methods. The results revealed that both linear and nonlinear factors significantly influence AOD modeling, with
different models capturing these effects in varying ways. The MLP model demonstrated superior performance in
AOD downscaling, although other methods also exhibited notable strengths. Key findings include:

The MLP model is highly effective for AOD downscaling.
Integrating results from linear and nonlinear models significantly enhances AOD downscaling accuracy.

These findings underscore the importance of combining diverse modeling approaches to achieve more accurate
and reliable AOD estimates. Future work should focus on refining these methods and exploring their
applicability across different regions and datasets.
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