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Rapid urbanization and increasing traffic in metropolises have exacerbated air pollution, a 

major public health threat. This study aims to develop an accurate micro-scale prediction 

model for traffic-related pollutants, including ozone (O₃), nitrogen oxides (NOₓ), carbon 

monoxide (CO), and particulate matter (PM₁₀), on Shahid Mahalati Highway in Tehran 

using Stacked Ensemble Learning. Additionally, it introduces a highly accurate soft sensor 

for PM₁₀. Hourly data comprising over 35,000 observations from the Mahalati air quality 

monitoring station were utilized. Advanced time-series feature engineering was applied, 

extracting temporal lags, rolling statistics, and calendar features. A two-layer Stacked 

Ensemble model was implemented, combining HistGradientBoostingRegressor and 

ExtraTreesRegressor as base models, with RidgeCV as the meta-learner. For PM₁₀, a soft 

sensor approach was adopted to predict the 24-hour moving average using CO and NOₓ as 

auxiliary predictors. Model validation was performed using a 10-fold TimeSeriesSplit. The 

proposed model outperformed single-algorithm base models across all pollutants. It 

achieved R² values of 0.902 for O₃ (RMSE = 9.1 ppb), 0.801 for NOₓ (RMSE = 68.7 ppb), 

0.751 for CO (RMSE = 0.56 ppm), and 0.9978 for the 24-hour average PM₁₀ (RMSE = 2.8 

µg/m³). The PM₁₀ soft sensor demonstrated exceptional accuracy, effectively estimating 

particulate matter using cheaper gas sensors. Feature importance analysis revealed that 

historical time lags (1, 24, and 168 hours) are the dominant predictors in this urban street 

canyon. The Stacked Ensemble approach effectively captures the complex spatiotemporal 

dynamics of traffic-related pollutants at a micro-scale. The development of a cost-effective 

soft sensor for PM₁₀ presents a viable alternative to expensive monitoring equipment, 

offering significant economic benefits for urban air quality networks. Furthermore, the 

dominance of temporal traffic patterns indicates that intelligent traffic management can 

directly and promptly improve local air quality. 
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Introduction 

Rapid urbanization and the significant increase in private vehicles in recent decades have 

turned the air quality of metropolises into one of the most serious public health and 

environmental problems. The World Health Organization considers air pollution the greatest 

environmental risk to human health, estimating that it causes over 7 million premature deaths 

annually worldwide, largely due to cardiovascular and respiratory diseases. The city of 

Tehran is in a highly sensitive situation due to geographical and anthropogenic factors; being 

surrounded by the Alborz_mountain range prevents natural ventilation, and during the cold 

season, the stable temperature inversion phenomenon traps pollutants in the lower 

atmosphere. Source apportionment studies in Tehran indicate that motor vehicles are 

responsible for 60 to 80% of gaseous pollutants (CO, NOₓ) and over 50% of suspended 

particulate matter. Shahid Mahalati Highway in District 14 is one of the busiest east-west 

arteries. The presence of tall, compact buildings turns it into a true "urban street canyon," 

where wind flow is severely reduced and exhaust pollutants are trapped near the breathing 

level of pedestrians and residents. Fixed air quality monitoring stations currently operating in 

Tehran are highly accurate but limited in number, expensive to maintain, and fail to capture 

severe instantaneous fluctuations at traffic hotspots. While physical-chemical models like 

Computational Fluid Dynamics (CFD) offer high accuracy, they require long computation 

times, making real-time operational use almost impossible. Conversely, data-driven methods, 

particularly machine learning algorithms, have become the primary tools for local-scale air 

quality prediction due to their high speed and ability to learn complex non-linear 

relationships. Primary pollutants like CO and NOₓ depend directly on traffic volume, whereas 

secondary pollutants like O₃ are influenced by photochemical reactions. PM₁₀ is particularly 

complex due to non-exhaust sources like tire wear and resuspended dust. This study aims to 

develop an accurate micro-scale prediction model for traffic-related pollutants on Shahid 

Mahalati Highway using Stacked Ensemble Learning. A key innovation is the introduction of 

a highly accurate "soft sensor" for PM₁₀. By leveraging the strong physical-chemical 

correlation between exhaust gases (CO and NOₓ) and particulate matter, this study predicts 

the 24-hour moving average of PM₁₀, offering a cost-effective alternative to expensive 

monitoring equipment. 

Method 

This study utilizes an observational research design based on secondary data analysis. The 

data comprises over 35,000 hourly observations from the Mahalati air quality monitoring 

station (District 14, Tehran) between March 2021 and March 2024. Variables include ozone 

(O₃, ppb), carbon monoxide (CO, ppm), nitrogen oxides (NOₓ, ppb), and PM₁₀ (µg/m³). 

Advanced time-series feature engineering was applied after handling missing values and 

outliers via linear interpolation. Extracted features included temporal lags (t-1, t-2, t-3, t-6, t-

12, t-24, and t-168 to capture short-term memory and weekly traffic cycles), rolling statistics 

(mean and standard deviation over 3, 6, 12, and 24-hour windows to smooth noise), calendar 

indices (hour, day, month, holidays), and combined physical-chemical features (CO/NOₓ 

ratio). A two-layer Stacked Ensemble architecture was implemented. The base layer (Level-0) 

comprised HistGradientBoostingRegressor and ExtraTreesRegressor. HistGradientBoosting 

was chosen for its binning technique, which increases training speed and filters sensor noise, 

while ExtraTrees was selected for its randomized cut points that drastically reduce variance 

and prevent overfitting. Their outputs were fed into a RidgeCV meta-learner (Level-1) to 

optimize linear combinations and strike a balance between bias and variance. For PM₁₀, due to 

high instantaneous noise from non-exhaust sources, a soft sensor approach was adopted: the 

target variable was set to the 24-hour moving average (an EPA and WHO standard), using 

instantaneous CO and NOₓ as key predictive proxies. Model validation employed a 10-fold 
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TimeSeriesSplit to prevent temporal data leakage, implemented in Python 3.11 using scikit-

learn and pandas. 

Results 

The proposed Stacked Ensemble model outperformed single-algorithm base models across all 

target pollutants, demonstrating its superior capability in handling noisy environmental data. 

For ozone (O₃), the model achieved an R² of 0.902 (RMSE = 9.1 ppb), effectively capturing 

diurnal cycles, nighttime drops, and afternoon peaks. Feature importance for O₃ was heavily 

dominated by Lag_1 (over 50%) and Lag_24, showing a reliance on historical stability rather 

than instantaneous precursors. For nitrogen oxides (NOₓ), the model yielded an R² of 0.801 

(RMSE = 68.7 ppb), improving the base model by 3.8%. Feature importance highlighted 

Lag_1 alongside rolling means (6 and 24 hours), indicating the model's use of averaging to 

filter severe NOₓ noise. For carbon monoxide (CO), the model achieved an R² of 0.751 

(RMSE = 0.56 ppm), with Lag_1 (over 52%) confirming its high stability as a direct exhaust 

tracer. For NO₂, an R² of 0.907 was reached. Scatter plots confirmed dense point clustering 

around the y=x line without significant systematic bias. The most remarkable result was the 

PM₁₀ soft sensor. By predicting the 24-hour moving average, the model achieved an 

exceptional R² of 0.9978 (RMSE = 2.8 µg/m³), perfectly tracking multi-day pollution trends. 

Feature importance revealed that the 24-hour rolling mean of PM₁₀ (68%) and the rolling 

mean of CO were paramount. This proves that the ensemble successfully extracted persistent 

signals from instantaneous traffic noise, allowing combustion proxies to estimate particulate 

matter accurately. 

Conclusions 

This study demonstrates that integrating advanced Stacked Ensemble Learning with time-

series feature engineering effectively captures the complex spatiotemporal dynamics of 

traffic-related pollutants at a micro-scale. The dominance of temporal traffic features (1, 24, 

and 168-hour lags) proves that in urban street canyons like Mahalati, air quality is primarily 

dictated by human activity cycles rather than immediate meteorological changes. 

Consequently, intelligent traffic management—such as dynamically adjusting "odd-even" or 

congestion pricing schemes during peak hours—can directly and promptly improve local air 

quality. The primary practical significance of this research lies in the highly accurate soft 

sensor for the 24-hour PM₁₀ average. Achieving an R² of 0.9978 proves that cheaper gas 

sensors (CO, NOₓ) combined with machine learning can effectively replace expensive beta-

attenuation monitors. This offers significant economic benefits, potentially saving hundreds of 

billions of Tomans annually in expanding urban monitoring networks like Tehran's. While the 

model occasionally underestimates exceptional NOₓ spikes (>600 ppb) due to data scarcity, 

future research should incorporate real-time traffic camera data and street-level meteorology 

to resolve this. Future work should also test this framework on other highways and extend it 

to PM₂.₅. Ultimately, this approach provides a robust foundation for next-generation, localized 

early warning systems and sustainable urban environmental policies. 
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