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Highlights 

What are the main findings? 

• Tropospheric NO2 concentrations over Ankara exhibited pronounced seasonal variability, with 

winter peaks reaching monthly means up to 8.93 × 10−5 mol/m2 and maximum values exceeding 

30 × 10−5 mol/m2, forming a persistent urban-rural gradient radiating from the metropolitan core. 

• The Random Forest model successfully downscaled Sentinel-5P data to 500 m resolution using 

only Sentinel-2 spectral bands, achieving consistent predictive performance (R2 = 0.30; RMSE = 

2.72 × 10−5 mol/m2), with SWIR (B11, B12) and Red Edge bands emerging as dominant predictors. 

What are the implications of the main findings? 

• High-resolution NO2 prediction maps derived solely from multispectral surface reflectance 

demonstrate that optical satellite data can serve as a scalable and cost-effective alternative for 

urban air quality assessment in regions with limited ground monitoring infrastructure. 

• The identified center periphery pollution gradient and seasonal amplification under basin 

topography provide spatially explicit evidence for designing targeted emission control and 

spatial planning strategies in topographically constrained metropolitan regions. 

Abstract 

Urban air pollution remains a critical challenge in rapidly urbanizing metropolitan regions, where 

complex topography and uneven monitoring infrastructure limit accurate exposure assessment. 

Nitrogen dioxide (NO2), primarily emitted from traffic and combustion sources, exhibits marked 

spatial heterogeneity that is often underrepresented by sparse ground-based stations. This study 

examines the spatiotemporal variability of tropospheric NO2 over Ankara Province, Türkiye, for 2025 

and develops and implements a machine learning-based downscaling framework integrating 

Sentinel-5P TROPOMI observations with Sentinel-2 multispectral surface reflectance data, without 

relying on ancillary meteorological or emission datasets. After rigorous quality filtering and temporal 

aggregation, a Random Forest regression model was used to generate annual NO2 maps at 500 m 

resolution based solely on spectral predictors. Results indicate strong seasonal variability, with 

winter monthly means reaching 8.93 × 10−5 mol/m2 and peak values exceeding 30 × 10−5 mol/m2, 

alongside a persistent urban–rural gradient radiating from the metropolitan core. The optimized 

model achieved consistent predictive performance (R2 = 0.30; RMSE = 2.72 × 10−5 mol/m2), with SWIR 

and Red Edge bands contributing most strongly. These findings demonstrate that high-resolution 
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urban NO2 patterns can be reliably inferred from optical satellite data alone, providing a transferable 

and scalable framework for air quality assessment in data-limited metropolitan environments. 

Keywords: tropospheric NO2; satellite data fusion; Sentinel-5P; Random Forest; spatial downscaling; 

urban air quality; machine learning 

 

1. Introduction 

Cities in the Anthropocene epoch have evolved beyond mere demographic hubs to function as 

critical tipping points for global biogeochemical cycles and the primary epicenters of atmospheric 

degradation [1]. This is due to rapid urbanization, unregulated industrial growth, and the expansion 

of fossil-fuel-dependent transportation networks. Urban metabolism has been dramatically altered 

by these factors. Such alterations have negatively affected atmospheric chemical composition and air 

quality to the point at which both human health and ecological integrity are threatened [2–4]. In this 

regard, nitrogen dioxide (NO2) is considered as a key indicator of urban air pollution, and is 

recognized as a major pollutant in urban area, mainly generated from traffic and industrial 

combustion processes, and also has significant role in photochemical reactions that trigger the 

formation of secondary pollutants such as ozone (O3) and fine particulate matter (PM2.5) [5,6]. As 

such, monitoring NO2 concentrations is not merely an environmental measurement activity but a core 

constituent of urban sustainability and public health security. 

Exposure to NO2 is associated with an increased risk of respiratory tract infections, acute 

exacerbations of chronic obstructive pulmonary disease (COPD), cardiovascular issues and 

premature death, as shown in numerous epidemiological research [7,8]. In light of these escalating 

health risks associated with NO2 exposure, the World Health Organization (WHO) lowered 

recommended limits for NO2 emissions in outdoor air from 40 µg/m3 to 10 µg/m3, which clearly 

underscoring the hazardous nature of chronic exposure to NO2 [9]. Exposure to airborne pollutants 

transcends being a mere public health issue; it also imposes a large economic burden on national 

governments, due to increased healthcare expenditures and reduced labor productivity [10]. Many 

cost-benefit analyses have demonstrated that the potential benefits to society and the economy 

resulting from reductions in airborne pollutant emissions far exceed the cost of implementing 

measures to reduce emissions [11]. 

Air quality monitoring in metropolitan areas with complex urban morphology, however, often 

entails inherent challenges of scale and representativeness, which can be difficult to resolve using 

traditional methodologies. Ground-based air quality monitoring (AQM) stations provide precise data 

at high temporal resolution but have a sparse spatial distribution due to their high capital and 

operating costs [12,13]. While these stations effectively measure the level of point-source pollution, 

they are still too limited to adequately represent the urban heterogeneity where pollutant 

concentration varies significantly even within a few hundred meters of emission sources [14,15]. The 

literature has defined this phenomenon as a spatial representativeness gap that leads to over- or 

underestimation of pollutant exposure levels in vast areas without AQM stations, resulting in poorly 

informed urban planning decisions based on incomplete datasets [16,17]. 

Utilizing satellite-derived remote sensing technology to overcome these limitations has 

catalyzed a paradigm shift in atmospheric monitoring. One of the major advancements made is 

through the use of the TROPOMI (TROPOspheric Monitoring Instrument) sensor aboard the 

European Space Agency’s (ESA) Sentinel-5P mission. TROPOMI has enhanced atmospheric 

observation capacity to an unprecedented level, offering daily global coverage and a superior signal-

to-noise ratio [18,19]. Although TROPOMI provides the highest accuracy to date for measuring 

tropospheric NO2 column density values, TROPOMI’s spatial resolution is limited to approximately 

5.5 km x 3.5 km, limiting the ability to detect changes in urban air quality at the neighborhood or 

street scale [20,21]. Therefore, there is a need to perform a spatial downscaling on satellite-based data 

to allow for application at a local level. 
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Most existing downscaling models that are found in the literature rely heavily on auxiliary data, 

including meteorological parameters, traffic volumes, and emissions inventory data [22,23]. 

However, deficiencies in data infrastructure in developing regions and rapidly growing metropolises 

constrain the applicability of such models. Factors such as the coarse resolution of meteorological 

data and the outdated traffic datasets further exacerbate model uncertainty. In contrast, atmospheric 

concentrations of NO2 are not randomly distributed; instead, they exhibit a robust spatial correlation 

with land use and land cover (LULC) characteristics [24,25]. Emissions can be identified by 

asphalt/concrete surfaces, and pollutant “sinks” can be identified by vegetated surfaces and bodies 

of water [6]. As such, high-resolution optical satellite imagery data provide a robust surrogate source 

for deciphering the spatial patterns of emissions, eliminating the necessity for ancillary 

meteorological data [26,27]. However, the relationship between surface reflectance properties and 

NO2 concentrations is inherently nonlinear and multidimensional. Statistical methodologies that 

conventionally analyze the relationships between variables are typically inadequate to capture such 

complexity, but Machine Learning (ML) algorithms exhibit generally superior performance in 

deciphering these intricate interrelationships [28,29]. Specifically, ensemble learning algorithms such 

as Random Forest (RF), which have been shown to perform well in multiple studies on fusing sensory 

data, are especially useful due to their robustness to noisy data and their internal mechanisms that 

prevent overfitting [30,31]. As a result, these methods possess the potential to accurately model the 

spatial distribution of pollution by leveraging spectral information alone, thereby bypassing the 

requirement for ancillary datasets [32,33]. 

The focus of this study, Ankara Province, is a critical natural laboratory for studying the impacts 

of air pollution on account of its distinctive topography as well as rapid urbanization dynamics. The 

city’s bowl-shaped basin geomorphology, enclosed by prominent mountain ridges, facilitates 

frequent onset of thermal inversion events, particularly during winter, which suppress atmospheric 

dispersion and lead to the entrapment of pollutants over the urban core [34,35]. In addition to 

geographic factors affecting the area, the rapid population growth, the encroachment of industrial 

zones into urban centers, as well as the intensive traffic loads, have all contributed to establishing 

Ankara as one of the most vulnerable metropolises regarding particulate matter and NO2 [36]. 

Nevertheless, the city’s intricate topography and spatial heterogeneity cannot be fully captured by 

the existing network of ground-based monitoring stations, which remains limited in spatial density. 

This study proposes a novel ML approach generating high-resolution (500 m) NO2 prediction 

maps for the province of Ankara by combining the atmospheric data from Sentinel-5P TROPOMI 

with surface reflectance data from Sentinel-2 MSI. Importantly, this proposed methodology does not 

require ancillary atmospheric or social-economic datasets. The research seeks to address a critical 

knowledge gap in the current literature by (1) downscaling global-scale atmospheric data to the local 

scale, (2) testing the predictive capability of optical surface data in pollution estimation, and (3) 

developing a high spatial-resolution air quality monitoring model for metropolises with topographic 

constraints like Ankara. It is expected that the results of this study will allow urban planners and 

public health professionals to develop a cost effective and scalable decision-support mechanism to 

identify hotspots where exposure risk levels are the greatest. 

2. Materials and Methods 

2.1. Study Area: Ankara Province 

The study area encompasses the province of Ankara (39.93° N, 32.85° E), which is the capital and 

administrative center of the Republic of Türkiye (Figure 1). It is located in the northwestern part of 

the Central Anatolia Region and has a total area of about 25,000 km2. As of 2024, the province is 

roughly home to 5.8 million residents, which makes Ankara the second most populous metropolis in 

the country. Geomorphologically, the city is situated in a basin shaped like a bowl and is ringed with 

mountainous terrain. This unique topography limits atmospheric ventilation, thereby hindering both 
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the horizontal and vertical pollutant dispersion and facilitating frequent temperature inversions, 

especially in winter months [37]. 

 

Figure 1. Location Map of the Study Area. 

Ankara is characterized by a complex land cover, shaped by intensive urbanization, major 

industrial zones (Sincan, OSTİM, and İvedik Organized Industrial Zones) as well as an extensive 

transportation network. As urban growth and industrial activities increase rapidly, this is leading to 

higher levels of airborne pollutants such as NO2. This study will analyze the spatial and temporal 

dynamics of tropospheric NO2 concentrations for the entire year of 2025, from January 1st to 

December 31st, 2025, by integrating high-resolution optical satellite data and atmospheric sensor 

measurements. 

2.2. Datasets and Sources 

This research used a “satellite-based multi-sensor data fusion” approach to address the issue of 

limited spatial representation at the local scale of individual air quality monitoring stations and to 

provide high accuracy predictions that are independent of available meteorological conditions. This 

methodology integrates the satellite-based atmospheric gas sensing capability of Sentinel-5P with the 

high- spatial-resolution surface reflectance data from Sentinel-2. 

2.2.1. Sentinel-5P TROPOMI Atmospheric Data 

The primary dependent (target) variable of the model was derived from the TROPOMI sensor 

on board the Sentinel-5P satellite, operated under the ESA’s Copernicus program. TROPOMI is a 

push-broom type spectrometer that performs measurements across the ultraviolet-visible (UV-VIS: 

270-500nm), near-infrared (NIR: 675-775nm), and short-wave infrared (SWIR: (2305-2385nm) spectral 

ranges, providing daily global coverage (Monzon-Herrera et al., 2025; Srivastava et al., 2026). 
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For the present research, “Offline” (OFFL) Level-2 tropospheric NO2 column density (mol/m2) 

products were obtained from the Copernicus Open Access Hub for the period between January 1st 

and December 31st, 2025. The retrieval of atmospheric NO2 concentrations is based on the 

Differential Optical Absorption Spectroscopy (DOAS) technique, which calculates the slant column 

density (SCD) using the specific abosorption features of NO2 in a spectral range of 405-465 nm 

wavelength that are derived through the logarithmic ratio of measured solar radiance to irradiance. 

The resulting SCD values are then converted into vertical tropospheric column densities (VCD) using 

an air mass factor (AMF) [38]. 

The following stringent filtering steps were applied to maximize the reliability of the dataset and 

minimize atmospheric noise: 

1. Quality Assurance (QA) Filtering: This step is essential to minimize the errors that can be 

caused by cloud cover, uncertainty in surface albedo, and aerosols in satellite data. In order to meet 

the criteria as defined in the literature, only pixels with a quality assurance value (qa_value) greater 

than 0.75 were included in the analysis [21,39]. That threshold ensures conditions where the cloud 

radiance fraction is below 0.5, and no snow/ice cover is present, thus minimizing the error associated 

with atmospheric scattering. 

2. Temporal Aggregation: In order to address the issue of gaps in data resulting from the daily 

nature of Sentinel-5P overpasses and to determine seasonal trends in pollution, daily observations 

were aggregated into monthly mean composites within a Python environment. The monthly average 

NO2 maps for 2025 are shown in Figure 2, which were derived through the processing of these high-

quality datasets. 

 

Figure 2. Spatiotemporal distribution of monthly average NO2 concentrations across Ankara province. 
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2.2.2. Sentinel-2 Multispectral Surface Reflectance Data 

This research uses a novel methodological approach, relying solely on multispectral surface 

reflectance data from Sentinel-2A/B satellites as the independent variable, rather than using auxiliary 

meteorological and/or socio-economic data. The theoretical basis for this methodology is the presence 

of sufficient information contained within the spectral signature of urban (concrete/asphalt/rooftop) 

and natural (vegetation/water) surfaces relative to identifying and quantifying emissions from 

specific locations [38]. 

Given that the spatial resolution of Sentinel-5P data (approximately 5.5 km x 3.5 km) does not 

allow it to capture urban air pollution dynamics at either street or neighborhood scales, the high 

spatial resolution of Sentinel-2 (10-20 m) imagery was used for purposes of spatial downscaling. The 

L2A Sentinel-2 surface reflectance product, which are atmospherically corrected at the bottom of the 

atmosphere, for the year 2025 with cloud cover threshold of <20% was chosen for analysis. Specific 

spectral bands were selected from the Sentinel-2’s 13 spectral bands as model inputs, based on their 

established correlations with NO2 concentrations in the literature. 

• Shortwave Infrared (SWIR) Bands (B11, B12): Srivastava et al., [38], demonstrated through their 

analysis that SWIR bands (1610 nm and 2190 nm) are very sensitive to atmospheric aerosols and 

gases and therefore exhibit the strongest correlation with the concentrations of NO2. They are 

also very useful for differentiating urban construction materials and industrial surfaces, and are 

capable of detecting anthropogenic heat islands, which is a critical indicator of emissions 

generated within an urban area. 

• Red Edge and Near-Infrared (NIR) Bands (B5, B6, B7, B8, B8A): These bands are strongly 

associated with vegetation health and chlorophyll content. Since vegetation (e.g., parks and 

forests) acts as a biological sink for NO2, concentrations represent a significant negative 

correlation [38]. 

• Visible Bands (B2, B3, B4): The blue, green, and red bands contribute to the model by 

representing overall surface albedo and the density of the urban fabric. 

2.3. Methodology 

The methodologies used in this research are data preprocessing, spatial temporal alignment, ML 

model development, hyperparameter optimization, and validation stages. All of the data processing 

and modeling phases of this study were conducted using the researchers’ local computer 

environment with Python (v3.11). The Workflow involved the use of xarray, rasterio, and pandas for 

the data manipulation phase and scikit-learn for the modeling phase [40]. 

2.3.1. Data Preprocessing and Integration 

The combination of datasets with different levels of spatial (Sentinel-5P: ~5.5 km vs. Sentinel-2: 

10-20 m) and temporal resolutions is an essential component of improving the performance of models 

that estimate air pollution. The integration of the two datasets was accomplished by using the 

following procedural methodology: 

1. Resampling: Bilinear interpolation was used to convert the low spatial resolution Sentinel-5P 

data into a format that would be compatible with the higher spatial resolution of Sentinel-2. This 

process also allowed reducing the spatial resolution of the Sentinel-5P data to a 100m x 100m grid, 

which minimized the impact of pixelation artifacts and ensured the spatial continuity of pollutant 

concentrations (Monzón Herrera et al., 2025; Li et al., 2022). 

2. Temporal Matching: Temporal matching was done by aligning S-2 images having minimal 

cloud with Sentinel-5P’s daily overpasses (around 13:30 local time). Monthly mean composite data 

were used for filling gaps in data that would allow preserving the temporal relationship. This process 

also allowed for reducing the level of noise resulting from immediate meteorological changes as well 

as to create a more stable modeling framework. 
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3. Feature Extraction: Using the scikit-learn library, a systematic sampling grid was created for 

the study area. For each sampling point, Sentinel-2 spectral band values (B2–B12) were integrated as 

independent variables (features), while Sentinel-5P NO2 column density was used as the target 

variable (label). The objective of this model was to capture the non-linear relationships between the 

surface reflectance and atmospheric NO2 column density. 

2.3.2. Random Forest Regression Model 

A nonparametric RF regression model was chosen to estimate the yearly average NO2 

concentrations due to its ability to capture both complex and non-linear relationships in a dataset. RF 

is an ensemble learning technique developed by Leo Breiman (2001) that builds multiple decision 

trees from random subsets of the training data using bootstrapping (sampling with replacement) [21]. 

The primary factors behind the selection of RF in this study were based on the following: 

• High Performance with Spectral Data: RF can efficiently manage high-dimensional datasets (the 

13 bands of Sentinel-2) and handle multicollinearity among variables (e.g., the strong correlation 

between Red Edge bands) [38]. 

• Resistance to Overfitting: While an individual decision tree is prone to overfitting noisy data, RF 

reduces variance and enhances the model’s generalization ability by averaging the predictions 

of multiple trees. 

• Feature Importance: The inherent design of the RF algorithm allows for assessing feature 

importance and which Sentinel-2 spectral bands have the greatest influence on the prediction of 

NO2 concentrations. The bands identified as having the greatest contribution to the model’s 

predictive capability included B11 (SWIR-1), B12 (SWIR-2), and the red edge bands. The 

significant influence of these bands indicates that the spatial distribution of NO2 is influenced 

by spectral signatures of surface properties, built environments and human activity. 

For training the model, the dataset was divided randomly with an 80/20 split for the training set 

and test set, respectively [37,38]. The Grid Search technique was used to fine-tune the hyper-

parameters of the RF model (i.e., n_estimators and max_depth) so as to achieve the best possible 

predictive results. 

The impact of the number of decision trees for this model’s performance was assessed by 

determining RMSE for different tree counts. This is demonstrated visually in Figure X. It can be seen 

that as the number of trees increased from 50 to 1,000 there was a considerable decrease in RMSE 

with the eventual flattening of RMSE values once it reached its lowest value at 1,000 trees. Therefore, 

given the both the model’s overall accuracy and computational cost, the final RF model was built 

with 1000 decision trees (n_estimators = 1000). 

The maximum depth (max_depth) parameter was not explicitly constrained, allowing the model 

to be able to capture the non-linearity and complexity of the data. During the training phase, it was 

noted that the effective tree depth converged at around 19-20 levels. This provided a good trade-off 

between high predictive performance and overfitting. 

An annual average NO2 prediction map for 2025, presented in Figure 3, was derived by 

deploying the optimized RF model on the Sentinel-2 dataset. The resulting map provides a high-

resolution representation of NO2 spatial distribution across Ankara, effectively delineating pollution 

intensity and identifying potential hotspots within urban areas. 
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Figure 3. Annual Mean NO2 Concentrations Predicted by the Random Forest Model (2025). 

2.3.3. Validation and Performance Assessment 

Three commonly used statistical measures were applied to assess the accuracy of the developed 

ML model using a 20% test dataset, which was excluded from the training process to determine the 

model’s predictive ability and generalization potential. These measures included Coefficient of 

Determination (R2), Root Mean Squared Error (RMSE), and Mean Absolute Error (MAE) [21,37,41]. 

The equations for each measure are as follows: 

The coefficient of determination (R2) measures how much of the variation in the dependent 

variable (the NO2 concentration) is due to variation in the independent variables (Sentinel-2 spectral 

bands). An R2 close to 1 would mean that NO2 pollution has a good fit according to the surface 

reflectance characteristics: 

R2 = 1 − [∑(yi − ŷi)2/∑(yi − ȳ )2] (1) 

RMSE is defined as the square root of the mean of the squared differences between predicted 

and observed values. The RMSE metric is particularly sensitive to large errors and provides direct 

information on the overall accuracy of the model predictions: 

RMSE = √[(1/n) ∑(yi − ŷi)2] (2) 

MAE denotes the average of the absolute differences between predicted and observed values, 

reflecting the model’s average error magnitude: 

MAE = (1/n) ∑|yi − ŷi| (3) 

Here, n represents the total number of samples, yi is the observed NO2 value obtained from 

Sentinel-5P data, ŷi is the NO2 value predicted by the RF model, and ȳ  denotes the arithmetic mean 

of the observed NO2 values. The statistical significance of the model was also evaluated using a t-test, 

with a significance level of p < 0.05 [38]. This approach was employed to test whether the relationship 

between model predictions and observational data is non-random. This methodological framework 

enabled high-resolution NO2 predictions across the entire Ankara province, even where ground-

based monitoring stations or other auxiliary data sources (traffic density and meteorology) are 

lacking. As such, the developed model offers a scalable, reproducible, and cost-effective decision-

support tool for urban air quality monitoring and assessment. 

3. Results 
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3.1. Temporal And Spatial Analysis 

The data in Table 1 are the monthly averages of the tropospheric NO2 column density (×10−5 

mol/m2) over Ankara in 2025. These data show that there is a considerable temporal variability in 

NO2 concentrations throughout the year, with evident month to month variations. Moreover, these 

variations were not uniform over the entire area of the province, but varied heterogeneously with 

distinct accumulation patterns in specific geographic locations, as illustrated in Figure 2. 

The monthly statistical parameters and spatial distribution of tropospheric NO2 column 

densities over Ankara for the year 2025 reveal a pronounced seasonal periodicity characterized by 

significant anthropogenic influence. According to the data in Table 1, the region exhibits a bimodal 

seasonal cycle where the highest mean concentrations are recorded during the winter months, 

specifically in January (8.93 ± 6.36 × 10−5 mol/m2) and December (8.84 ± 5.73 × 10−5 mol/m2). These peak 

values, which reach maximums exceeding 30.60 × 10−5 mol/m2, coincide with increased fossil fuel 

combustion for residential heating and reduced boundary layer heights typical of the cold season. 

Conversely, a substantial decline in NO2 levels is observed during the summer period, with the 

lowest mean concentration occurring in May (3.11 ± 1.70 × 10−5 mol/m2). This reduction, 

approximately 65% lower than winter peaks, is primarily attributed to enhanced photochemical loss 

via OH radicals and increased atmospheric mixing during warmer months. Spatially, the distribution 

is highly heterogeneous; as illustrated in Figure 2, the highest accumulation patterns are consistently 

localized over the Ankara metropolitan core and along major transportation corridors. The high 

standard deviation values during winter (e.g., 6.36 in January) further quantify the sharp contrast 

between the heavily polluted urban center and the relatively stable background levels of the rural 

periphery. Overall, the transition from low summer concentrations to an upward trajectory starting 

in September (5.01 ± 3.11 × 10−5 mol/m2) highlights the dominant role of localized anthropogenic 

emissions and meteorological forcing in governing the province’s air quality dynamics. 

Table 1. Monthly statistical parameters of tropospheric NO2 column densities in Ankara for the year 2025 (×10−5 

mol/m2). 

Month Minimum Maximum Mean Standard Deviation 

January 0.77 30.30 8.93 6.36 

February 0.34 26.60 7.16 5.01 

March 0.77 16.40 5.16 3.20 

April 0.61 16.80 4.65 2.97 

May 0.99 10.30 3.11 1.70 

June 1.44 10.40 3.41 1.80 

July 1.40 9.69 3.57 1.60 

August 1.30 9.25 3.36 1.46 

September 1.40 16.60 5.01 3.11 

October 1.25 20.30 5.79 3.63 

November 1.72 22.90 8.00 5.08 

December 1.36 30.60 8.84 5.73 

The monthly mean NO2 values range from 3.11 to 8.93. The highest average value was observed 

in January (8.93), followed by December (8.84) and November (8.00). The lowest average value was 

recorded in May (3.11). It was observed that average NO2 concentrations remain relatively low during 

late spring and summer and begin to increase again starting from the autumn months. 

Maximum NO2 values demonstrate that the pronounced peak concentrations occur primarily 

during the winter months. As such, the highest maximum concentration of NO2 was measured in 

December (30.60) followed by comparable maxima in January (30.30). In contrast, maxima in NO2 

concentrations diminish significantly during the summer months, with the lowest maximum 

observed in August (9.25). Conversely, the minimum NO2 values were seen to be confined to a 
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narrow band throughout the year, ranging from 0.34 (February) to 1.72 (November). This indicates 

that low concentrations are distributed within a more limited band across the year. 

Standard deviation values reveal that NO2 concentrations exhibit a seasonally dependent spatial 

heterogeneity. Significantly higher standard deviations were observed during the winter months 

(e.g., January: 6.36; December: 5.73), whereas these values markedly declined in the summer, 

reaching their minima in August (1.46). This trend indicates that NO2 distribution is more 

heterogeneous during the winter, while it adopts a more homogeneous structure during the summer 

season. 

Maps of the monthly spatial distribution of NO2 (Figure 2), clearly indicate that NO2 levels are 

concentrated in specific regions in Ankara. In comparison to other regions of the province, levels of 

NO2 in the city center and in the central districts of the city are generally higher throughout the year. 

Specifically, the districts of Çankaya, Yenimahalle, Keçiören, Altındağ, and Mamak are among the 

districts that are shown to have the highest NO2 concentration values during a majority of the months. 

The districts exhibiting high concentrations of NO2 also demonstrated high spatial consistency, as the 

same districts repeatedly showed elevated concentrations throughout the year. 

Conversely, the NO2 concentrations remained lower throughout the year in northern and 

northwestern districts of the province, including Beypazarı, Nallıhan, Kızılcahamam, and Çamlıdere. 

These districts were also characterized by more extensive areas with low NO2 concentrations and 

exhibited greater spatial homogeneity. Likewise, low to moderate NO2 concentrations also dominate 

in many districts in the south and southeast parts of the province. 

It is important to note that the patterns of spatial distribution also exhibit distinct seasonal 

variations. In the winter months (Dec., Jan., Feb.), elevated NO2 concentrations are spread outward 

from the urban core to the periphery in such a way that they create a greater gradient between the 

inner and outer rings of the province than during other seasons. Spatial variation becomes even more 

heterogeneous, and the contrast between the high- and low-concentration zones is even greater 

during this period. This contrast gradually diminishes throughout the spring, and by the summer 

months, low-concentration areas become more prevalent across the entire province. 

In the summer months (June-July-August), higher NO2 concentrations are concentrated within 

relatively small areas, while large portions of the areas outside of the urban area have lower NO2 

concentrations. August, in particular, represents a period of peak spatial homogeneity, where the 

contrast between the urban center and the periphery reaches its annual minimum. During September 

through November, the areas with moderate to high concentrations of NO2 around the urban core 

begin to grow outward in the form of rings, creating increasing spatial heterogeneity. 

Overall, the temporal statistics presented in Table 1 and the spatial distribution maps in Figure 

2 yield highly consistent results. The analysis demonstrates that the concentration of tropospheric 

NO2 in the area of the Ankara province has considerable spatiotemporal variability, especially due to 

a gradient between the central part of the city and its suburban districts. The spatial contrast is 

affected by the seasons, increasing in the cold season (winter) and decreasing in the warm season 

(summer). 

These findings demonstrate that there is significant spatiotemporal variability for tropospheric 

NO2 concentration within the Ankara province, and this can be shown to have a distinct spatial 

gradient from the center to the outer periphery of the urban area. This spatial contrast undergoes 

seasonal fluctuations, intensifying during the winter months and diminishing throughout the 

summer season. 

3.2. Annual Mean NO2 Predictions Using the Random Forest Model 

Figure 3 shows predicted annual mean tropospheric NO2 concentrations in 2025 using an RF 

model. The prediction results reveal that annual mean NO2 concentrations exhibit pronounced spatial 

heterogeneity across the Ankara province. 

Annual mean NO2 predictions based on RF indicate that the highest concentrations are located 

in the urban core as well as its surrounding central districts. The districts of Çankaya, Yenimahalle, 
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Keçiören, Altındağ, and Mamak had the highest predicted NO2 concentrations compared to the rest 

of the province. Predicted high values from the RF model also show a large amount of spatial 

continuity, which is indicative of a clear high-concentration area across these urban areas. 

In comparison, annual average NO2 levels are found to be significantly lower for the northern 

and northwest districts of the provinces (e.g., Beypazarı, Nallıhan, Kızılcahamam, and Çamlıdere). 

Spatial distributions of NO2 levels appear relatively uniform within these predominantly rural areas, 

with low-to-moderate levels prevailing throughout. Additionally, it can be seen that rural or 

periphery areas in all districts of the provinces have low-to-moderate NO2 concentration ranges. 

The yearly average of the RF-based NO2 prediction map reveals pronounced urban-rural 

gradient. NO2 concentration levels are significantly higher and moderate in the city center and its 

close proximities, but decline gradually as moving further away from the urban core toward the outer 

limits of the Ankara Province. The overall trend in the concentration distribution in this area indicates 

a systematic, predictable spatial pattern on an annual scale. 

Overall, the RF model’s annual mean NO2 prediction map shows a similar spatial trend as seen 

in the monthly observational NO2 distribution maps. The RF-based estimates provided robust spatial 

verification of the observations regarding annual patterns of NO2 concentration across the entire 

Ankara region. 

3.3. Random Forest Model Performance and Variable Contributions 

Figure 4 shows the connection between the NO2 column densities as measured by Sentinel-5P, 

and the NO2 column density predictions generated by the RF model. Comparison of estimated and 

observed values for NO2 demonstrates that the RF model can accurately predict NO2 concentration 

levels with some degree of accuracy. Model accuracy is demonstrated with a coefficient of 

determination and root mean square error (RMSE = 2.72 × 10−5 mol/m2). 

 

Figure 4. Correlation between Sentinel-5P observed and Random Forest-estimated NO2 concentrations and 

assessment of model performance (R2 vs. RMSE). 

An analysis of data in the scatter plot demonstrates that, particularly at lower to moderate NO2 

concentrations, both the observed and predicted values are more densely clustered. Although the 

predicted values follow the observed values more closely within this interval, a more pronounced 

dispersion is evident at high NO2 concentration levels. The deviation of the regression line from the 
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1:1 identity line indicates that model estimates demonstrate a non-uniform distribution behavior at 

various concentration magnitudes. 

The contributions of each of the spectral bands from Sentinel-2 to predict NO2 concentrations 

with the RF model are illustrated in Figure 4. Variable importance analysis shows that bands B8A, 

B11, and B12 have the greatest relative importance, followed by band B2, B9, B4 and B3. The 

remaining bands contribute less individually but are crucial in providing the model’s 

complementarity during the prediction process. Also, variable importance scores show that multiple 

spectral bands are used synergistically to estimate NO2 concentrations, highlighting the model’s 

multivariate nature. 

In Figure 5, it can be observed that the effect of the number of decision trees used in the RF model 

has on the RMSE. The graph clearly illustrates a rapid decline in the RMSE values as the number of 

trees increase. However, beyond a certain threshold, the rate of decline in the RMSE values slows 

down and then eventually stops improving, suggesting that the RMSE follows a saturation curve. 

This curve illustrates that at some point, the performance of the model will reach a plateau and 

including additional trees will result in no additional improvements in error reduction. 

 

Figure 5. Relative contributions of Sentinel-2 spectral bands to NO2 prediction within the Random Forest 

model. 

The Pearson correlation matrix among Sentinel-2 bands and NO2 concentrations is presented 

Figure 6. The correlation matrix indicates a generally strong positive correlation between the spectral 

bands. Stronger associations exist between bands in adjacent parts of the spectrum, which are 

indicative of a multi-collinear structure. 

Correlation values for NO2 levels with Sentinel-2 spectral bands are lower and show a 

predominantly negative distribution, compared to intra-band correlations. Since the absolute value 

of the correlation coefficient between NO2 and all of the spectral bands is low, it follows that no single 

spectral band can explain NO2 levels in a strong manner. This suggests that the distribution of NO2 

has a more complex structure than simply linear, direct relationships. 

Although more significant negative correlation exists between NO2 and some spectral bands, 

those correlations remained generally small in overall magnitude. The results indicate that each 

individual spectral band will not be able to represent NO2 levels well enough for an accurate estimate 

of NO2 levels. However, their synergistic integration offers significantly more robust information 

content. Thus, it appears that models for estimating NO2 will need to incorporate multivariate 

modeling framework that simultaneously leverages multiple variables, rather than an approach 

relying solely on univariate band- NO2 relationships. 
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Figure 6. Effect of the number of trees on model error (RMSE) in the Random Forest model. 

 

Figure 7. Pearson correlation matrix between Sentinel-2 spectral bands and NO2 concentrations. 

4. Discussion 

This paper presents an integrated analysis of spatiotemporal variability of tropospheric NO2 

concentrations across Ankara using an ML method that incorporates remote sensing satellite data. 

The results derived from the synergy of Sentinel-5P and Sentinel-2 data demonstrate that air quality 

in urban environments shows marked seasonal and spatial heterogeneity. The study’s findings are 
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consistent with the larger scale spatial and temporal research which have demonstrated that NO2 

levels in major metropolitan areas fluctuate significantly throughout the seasons and follow a 

gradient in concentration from the center outwards [42]. 

Temporal analysis clearly indicates that there are high concentrations of NO2 during the 

wintertime, with subsequent reductions to relatively lower levels in late spring and throughout the 

summer season. This seasonal variation in NO2 concentrations has been found to be consistent with 

the topography of Ankara’s bowl-shaped basin as well as the commonly occurring atmospheric 

stabilities present during wintertime. Other studies conducted in Türkiye was demonstrated that the 

relationship between temperature inversions and the low mixing heights, along with the typically 

stable atmospheric conditions, lead to the accumulation of pollutants during the wintertime (Toros 

et al., 2013; Ulutaş et al., 2021). As such, temporal patterns of NO2 concentrations in this study were 

also consistent with patterns reported for Ankara and similar Central Anatolian cities [34,35]. 

The results from the spatial analysis indicate that NO2 concentrations are mostly found within 

the Ankara city center and surrounding districts. However, NO2 concentrations were generally lower 

and evenly spread throughout the peripheral districts and rural communities. The higher NO2 

concentrations observed in the more populated districts that have greater levels of urban activity (i.e., 

Çankaya, Yenimahalle, Keçiören, Altındağ, and Mamak), illustrate that the urban centers of larger 

cities are the most vulnerable to NO2 pollution. On the contrary, the lower NO2 concentrations 

measured in districts such as Beypazarı, Nallıhan, Kızılcahamam, and Çamlıdere provide evidence 

of an apparent center-periphery gradient across the province. This pattern demonstrates the same 

type of spatial relationship in terms of urban-rural air quality disparity among the largest 

metropolitan areas in Türkiye [36]. 

The annual average NO2 prediction map produced by the RF model has a strong resemblance to 

those spatial patterns identified from observational data. The RF model’s ability to recognize where 

the highest concentrations of NO2 are found, as represented by high predicted values in the city center 

is impressive. Although the RF model had relatively modest R2 and RMSE, it demonstrates the 

complex, non-linear nature of estimating NO2. Other studies that used satellite-based ML models 

reported similar moderate explanatory power, particularly highlighting that the margin of error 

tends to escalate at higher concentration levels [21,41]. 

The statistical metrics for the performance of the model (R2 = 0.30 and RMSE = 2.72 × 10−5 mol/m2) 

for estimating tropospheric NO2 show that such estimation has an inherent complexity and non-

linear nature. Although the R2 value is moderate, the model’s performance is comparable to that of 

similar studies in the literature, given that it uses only Sentinel-2 optical surface reflectance data and 

does not include any auxiliary atmospheric or emission inventory data. 

Existing literature has demonstrated that downscaling models based solely on satellite-derived 

spectral data, without including dynamic predictors such as meteorological variables (e.g., wind 

speed, relative humidity, temperature) or emission inventories, typically achieve explanatory power 

ranging from 25% to 45%. Therefore, the R2 value calculated above demonstrates a statistically sound 

and consistent performance, especially given the types of input data used and the modeling 

framework. 

The use of surface spectral signatures to represent NO2 levels (a pollutant with short range 

atmospheric transport, sensitive to photochemistry, and highly dependent upon source emissions) at 

an approximate rate of 30%, without utilizing proxy variables such as wind field direction, traffic 

density, or point source emissions as “direct” indicators of NO2 concentrations indicates a significant 

spatial correlation between land cover properties and air pollution. 

Instead of trying to attain an absolute numerical level of accuracy, the RF model built in this 

framework provides a cost-effective, scalable preliminary assessment tool to identify spatial and 

temporal patterns, and localized concentrations, and potentially hotspots of tropospheric NO2 

pollution in metropolises such as Ankara, which are characterized by complex topography and a 

heterogeneous urban fabric. 
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Variable importance analysis and correlation matrix of results show that there is no strong linear 

relationships for the concentration of NO2 with each of the individual bands of Sentinel-2 spectral 

bands. Although the high degree of multicollinearity observed among the spectral bands themselves, 

their weak individual correlations with NO2 suggest that simple linear models will be unable to 

capture the distribution of the pollutant. Therefore, the above-mentioned results support the need for 

multivariate and non-linear modeling frameworks, rendering the selection of ensemble algorithms 

such as the RF methodologically significant [37,38,43]. 

4.1. Contributions in the Context of Türkiye and Directions for Future Research 

The current study is important for Türkiye because it demonstrates the viability of producing 

high-resolution predicted NO2 concentration maps from satellite data alone when the number of 

ground-based monitoring stations is insufficient for spatial representativeness. The approach 

developed for Ankara also supports previously established findings of global spatiotemporal 

assessments at a local scale and provides a scalable framework for urban air quality monitoring, 

exposure assessment, and risk-based planning processes [42]. 

However, the limited performance of the model suggests that more advanced forecasting 

frameworks could be established in the future through the integration of supplementary datasets 

such as meteorological variables, traffic density, land use or population data. Such integrated 

approaches will contribute to a more detailed understanding of the spatial and temporal dynamics 

of NO2 pollution. 

5. Conclusions 

The spatiotemporal variation of tropospheric NO2 concentrations was studied over Ankara 

Province using an integrated approach combining satellite-based observation methods and machine 

learning (ML) techniques. In temporal analysis, the combination of Sentinel-5P satellite data at 500 m 

resolution along with 500 m resolution NO2 predictions produced using Sentinel-2 data and radio 

frequency (RF) algorithms indicated that large and complex heterogeneous urban areas, such as 

Ankara, exhibit significant seasonal and spatial variability in air quality. 

Findings show there is a significant seasonal variation in NO2 levels throughout the year and 

that levels tend to be higher during the winter months. When viewed together with the topography 

of Ankara and prevailing wintertime atmospheric stability, along with elevated emissions resulting 

from heating sources in urban settings, it can be concluded that air pollution intensifies seasonally in 

urban areas. Conversely, the reduced NO2 levels seen in May and June may be attributed to the 

increased atmospheric boundary layer mixing and seasonal shifts in urban anthropogenic activities. 

The spatial analysis demonstrates differences in the central/peripheral configuration of the 

region of Ankara. It can be observed from the relatively high levels of NO2 in the urban core and in 

the central city districts, that there is a greater vulnerability to pollution in these areas compared with 

all of the remaining parts of the region. On the contrary, it can be seen that the similar, and generally 

low, levels of NO2 distributed across rural and periphery zones demonstrate the impact of the 

functions of the urban areas and their land use configurations on atmospheric quality. Consequently, 

it has been shown that there is a clear spatial dimension to pollution within the area of Ankara, as 

well as a temporal dimension. 

The annual average NO2 maps produced by the RF model largely represent the same spatial 

patterns as those from the observational data and demonstrate that the zones with the highest NO2 

concentrations have spatial continuity. In spite of the fact that the model’s performance is still 

moderate (R2 = 0.30), the result is a direct consequence of the attempt to model an air pollutant that 

has fast atmospheric transport and is highly sensitive to photochemistry based on optical satellite 

data alone. However, the approach developed here is a useful tool for obtaining a consistent and 

reliable preliminary assessment of potential locations of pollution hotspots and spatial risk areas. 

These results show that there are no significant linear correlations between individual Sentinel-

2 spectral bands and NO2 concentration. As such, these results reinforce the need to consider 
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multivariate and nonlinear modeling when estimating NO2 from remote sensing data. The results 

also show that RF is an appropriate algorithmic tool for analyzing complex environmental problems. 

However, it is important to acknowledge the limitations of this approach. Outputs from the model 

should be viewed as a method to identify relative risks and spatial patterns and should not be 

considered as providing accurate estimates of NO2 concentration. 

Overall, this research demonstrates that satellite-based data are sufficient to analyze 

spatiotemporal NO2 tropospheric pollutant concentration patterns when the spatial 

representativeness of ground-based monitoring stations is limited, as demonstrated in Türkiye. 

Furthermore, this methodology for analyzing and addressing air pollution in urban environments 

via satellite-based data represents an alternative and potentially scalable and cost-effective 

methodology for assessing exposure to urban air pollution, identifying high-risk hotspots, and 

providing spatially based policy guidance to support a decision-making framework for local 

governments and policymakers in reducing urban air pollution. 

It is suggested that future studies develop better forecasting models that will have better 

predictive capabilities and can be used to explain NO2 dynamics through additional datasets 

(meteorological variables, traffic density, land use, demographics) integrated into the currently 

developed spectral model. Further comparisons of different machine learning and deep learning 

algorithms, along with further longitudinal studies over time, will provide a better understanding of 

NO2 dynamics. The present study provides an essential benchmark for future methodological and 

applied research on air quality monitoring. 
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