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ABSTRACT 
Air quality significantly impacts public health, particularly 

in urban areas like Lucknow, where deteriorating air 

quality has been linked to severe health issues, especially in 

children and vulnerable groups. Accurate air quality 

prediction allows authorities to implement timely measures 

to shield these populations from harmful exposure. A lack 

of comprehensive data and robust algorithms has limited 

traditional forecasting methods. This study employs a 

Support Vector Regression (SVR) model to forecast 

pollutant levels and the Air Quality Index (AQI) in 

Lucknow using publicly available historical data from the 

Central Pollution Control Board (CPCB) and local 

monitoring stations. Among various configurations, the 

SVR model with a Radial Basis Function (RBF) kernel 

showed superior performance, achieving an accuracy of 

approximately 93.4%. Utilizing all available variables 

rather than relying on feature selection methods like 

Principal Component Analysis (PCA) improved prediction 

outcomes. The model effectively forecasts key pollutants, 

including sulfur dioxide (SO2), carbon monoxide (CO), 

nitrogen dioxide (NO2), particulate matter (PM2.5 and 

PM10), and ground-level ozone (O3). This research 

demonstrates the potential of advanced machine learning 

techniques to address air quality challenges in Lucknow, 

offering valuable insights for policymaking and urban 

environmental management.  
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INTRODUCTION 
The recent surge in air pollution has become a pressing concern, 

primarily driven by industrial activities, agricultural practices, 

and the proliferation of vehicles with internal combustion 

engines [1,2]. This escalation poses significant risks to public 

health and the environment, prompting extensive research into 

its causes and effects.[3]` 

Air quality monitoring in Lucknow over the past two decades 

has provided valuable insights into pollution trends and the 

effectiveness of regulatory measures. Despite these efforts, air 

pollution remains a significant challenge, with levels of 

particulate matter and other pollutants frequently exceeding 

national standards.[4] 

Air pollution significantly impacts global health, contributing 

to various respiratory diseases and premature deaths. It is 

responsible for 30% of lower respiratory tract infections and is 

linked to 91% of premature deaths from conditions such as lung 

cancer and heart disease. The following sections elaborate on 

the specific health outcomes associated with air pollution.[5] 

                                       

 MOTIVATION 
Lucknow, the capital of Uttar Pradesh, often faces poor air 

quality, especially during the winter months, when vehicular 

emissions, industrial activities, construction dust, and residue 

burning crop up in nearby areas. Poor air quality poses health 

hazards to thousands of residents, leading to hospitalization and 

respiratory issues. Traditional air quality prediction models 

lack accuracy and responsiveness. The motivation of this 

project is to develop a more accurate and responsive AQI 

prediction model using machine learning techniques, so that 

timely interventions can be made and public health can be 

improved. 

Air pollution is a significant global health concern, primarily 

driven by primary pollutants such as sulfur dioxide (SO2), 

nitrogen oxides (NOx), particulate matter (PM), and carbon 

monoxide (CO). These pollutants can lead to the formation of 

secondary pollutants, which further exacerbate health risks. 

The most prevalent of these, known as criteria pollutants, pose 

serious health threats, particularly to vulnerable populations 

like children and the elderly [6] 

 

RELATED WORK 
The autoregressive integrated moving average (ARIMA) model 

is a prominent statistical method for predicting time series data, 

particularly in applications like air quality forecasting. Its 

advantages include strong statistical properties, versatility, and 

the ability to achieve high accuracy, as evidenced by its 

performance in predicting the Air Quality Index (AQI) with 

accuracies around 95%[7]. However, ARIMA also has 

limitations, particularly regarding data selection and sensitivity 

to outliers.ARIMA effectively captures temporal dependencies 

through autoregression, differencing, and moving 

averages[8].ARIMA requires careful selection of input data and 

is sensitive to outliers, necessitating extensive manual 

intervention[9] 
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The integration of machine learning (ML) models in air quality 

index (AQI) prediction has revolutionized the field by 

leveraging large datasets to enhance forecasting accuracy. 

These models excel in identifying significant features from 

extensive data, minimizing the need for manual input. 

 

Support Vector Machines (SVM) and their variant, Support 

Vector Regression (SVR), have been effectively utilized for 

predicting air quality and time series data. SVR has 

demonstrated superiority over traditional Artificial Neural 

Networks (ANN) in various studies, showcasing its robustness 

in regression tasks. Additionally, hybrid models combining 

ANN and SVM have been proposed to enhance prediction 

accuracy by leveraging the strengths of both methodologies has 

been shown to outperform other machine learning algorithms, 

achieving significant accuracy in air quality forecasting[10].A 

study highlighted that SVR achieved a Root Mean Square Error 

(RMSE) of 7.765, indicating its effectiveness in handling 

complex datasets[11].Quantum SVM has also been introduced, 

achieving an accuracy of 97% in air quality predictions, 

surpassing classical SVM performance[12]. 

Support Vector Machines (SVM) have emerged as a prominent 

method for air quality forecasting across various urban settings, 

demonstrating superior performance compared to other 

machine learning techniques. An SVM model outperformed 

other machine learning approaches in predicting air quality, 

showcasing its robustness in urban environments[13].The SVM 

model specifically targeted PM10 forecasting, indicating its 

adaptability to different pollutants[10].SVM's scalability and 

flexibility were emphasized, reinforcing its utility in diverse 

atmospheric conditions[14].A combination of SVM with other 

algorithms, such as the flower pollination algorithm, 

demonstrated enhanced predictive capabilities, outperforming 

standalone models[15]. 

 

SUPPORT VECTOR 

Support Vector Machines (SVM) and Support Vector 

Regression (SVR) are powerful techniques in machine 

learning, particularly for classification and regression tasks. 

SVM utilizes hyperplanes to separate data points into distinct 

classes, while SVR extends this concept to regression by 

employing a loss function that incorporates both training error 

and regularization[16]. The use of kernel functions allows for 

the transformation of nonlinearly separable data into a higher-

dimensional space, facilitating linear regression modeling in 

that space[17] 

Support Vector Regression (SVR) is a powerful technique that 

effectively maps data into high-dimensional spaces using 

kernel functions, allowing for both linear and nonlinear 

forecasting. The model's architecture combines training error 

with a regularization term, ensuring a balance between model 

complexity and accuracy[18]. This unique approach enables 

SVR to capture intricate relationships in data, making it suitable 

for various applications, including weather forecasting and 

brain disorder analysis. 

The performance of the Support Vector Regression (SVR) 

model is significantly influenced by the choice of kernel 

function, the regularization parameter (C), and the insensitive 

parameter (ε). Each of these components plays a crucial role in 

determining the model's ability to generalize and accurately 

predict outcomes. [20] 

 

DATA PREPROCESSING 

 The importance of data quality in ensuring the 

performance and generalizability of forecasting models 

cannot be overstated. Effective data processing steps, 

such as handling missing values, normalizing 

distributions, and feature selection, are crucial for 

developing robust predictive models. These steps 

enhance the model's ability to generalize across 

different datasets and contexts, ultimately improving its 

predictive accuracy. [19,20] 

 
A. Imputation of missing data 

In addressing the issue of missing data, the removal of the SPM 

field from the Central Pollution Control Board (CPCB) data 

was a necessary step due to its high levels of missingness, 

which could bias the analysis. This action underscores the 

importance of data quality control in ensuring reliable results 

[21]. For the remaining fields in both the US embassy and 

CPCB data, second-order polynomial estimation was employed 

to impute missing values. This method is particularly effective 

for capturing non-linear relationships among variables, thereby 

enhancing the accuracy of the analysis [22]. 

 

B. Removing or modifying outliers 

The power transformation method is a robust technique for 

modifying pollutant data, particularly in urban areas like 

Lucknow, where air quality is a significant concern. This 

method enhances data integrity by addressing non-normal 

distributions and noise, making it suitable for analysing air 

pollution data from various sources.[23,24] 

 

C. Feature extraction 

The extraction of features from time series data, particularly 

concerning seasonal patterns and cyclic components, is crucial 

for enhancing data analysis and decision-making. By 

leveraging the date and time components, new features can be 

generated that encapsulate seasonal variations and cyclic 

behaviors. The cyclic nature of time can be represented using 

sine and cosine transformations (sin(2πhour/24), 

cos(2πhour/24)), effectively capturing the cyclical behavior of 

hourly data[25] 

 

D. Feature selection 

The process of feature selection and dimensionality reduction 

is crucial in enhancing the performance of machine learning 

models, particularly in the context of air quality prediction. By 

employing techniques such as correlation- based feature 

selection and Principal Component Analysis (PCA), 

researchers can effectively manage collinearity and reduce the 

dataset's dimensionality, leading to improved model efficiency 

and accuracy.[26] 
 

EXPERIMENTAL STUDY 
A. Experimental setup 

The optimization of hyperparameters in Support Vector 

Regression (SVR) is crucial for enhancing model performance, 

particularly in time-series applications. The three key 

hyperparameters—maximum allowed deviation (ε), 

regularization constant (C), and kernel type—require careful 

tuning to achieve optimal results. Various methods, including 

time-series split combined with random grid search, have been 

employed to determine these parameters 

effectively.[27,28].The extension of the range of C from 10 to 

100 to 1 to 100 facilitates a broader exploration of data, 

enhancing the potential for analysis and application.[29].The 

range of ε from 0.001 to 0.1, with a step of 0.001, allows for a 

detailed analysis of how different values influence the 

effectiveness of kernel functions such as RBF and polynomial. 

The optimum number of iterations set at 60 for random search 

further enhances the robustness of the findings[30]. 
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B. Experimental results: 

The performance of Support Vector Regression (SVR) models 

in forecasting air pollutants such as nitrogen dioxide (NO2), 

Sulphur dioxide (SO2), PM2.5, and PM10 can be significantly 

enhanced through the application of Principal Component 

Analysis (PCA). This integration allows for the reduction of 

dimensionality and the extraction of relevant features, leading 

to improved prediction accuracy. 

 
Fig.1: (a) PCA SVR-RBF forecasting errors plotted against 

observed NO2 values and (b) SVR-RBF forecasting errors 

plotted against observed NO2 values 

 

Table I. Error metrics of the forecasting model for no2 

level detection 

Metric PCA SVR-RBF SVR-RBF 

Trainin 

g Set 

Validati 

on Set 

Training 

Set 

Validati 

on Set 

MAE 1.15 

µg/m³ 

1.30 

µg/m³ 

1.35 

µg/m³ 

1.50 

µg/m³ 

RMSE 1.80 

µg/m³ 

2.05 

µg/m³ 

2.10 

µg/m³ 

2.30 

µg/m³ 

nRMSE 0.12 0.14 0.15 0.17 

R2 0.93 0.91 0.90 0.90 

 

 
 

Fig.2: (a) Forecasting errors using PCA SVR-RBF 

plotted against observed SO2 concentrations, and (b) 

Errors from SVR-RBF forecasting method plotted 

against observed SO2 concentrations. 

 

Table II. Error metrics of the forecasting model for so2 

level detection 

 

Metric PCA SVR-RBF SVR-RBF 

Trainin 

g Set 

Validati 

on Set 

Training 

Set 

Validati 

on Set 

MAE 0.3721 0.3145 0.3184 0.2987 

RMSE 0.4646 0.4099 0.4258 0.3925 

nRMSE 0.0676 0.0631 0.0671 0.0623 

R2 0.9481 0.9653 0.9503 0.9625 
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Fig. 3: Forecasting errors using PCA SVR-RBF plotted 

against observed PM2.5 concentrations, and (b) Errors 

from the SVR-RBF method plotted against observed PM2.5 

concentrations. 

 

Table III. Error metrics of the forecasting model for pm2.5 

level detection 

Metric PCA SVR-RBF SVR-RBF 

Trainin 

g Set 

Validati 

on Set 

Training 

Set 

Validati 

on Set 

MAE 9.12 14.31 8.45 15.03 

RMSE 12.57 17.24 11.39 19.11 

nRMSE 0.182 0.293 0.174 0.306 

R2 0.789 0.726 0.812 0.719 

 

 
Fig.4: (a) Errors from PCA SVR-RBF forecasts shown in 

relation to observed PM10 levels, and (b) Forecasting errors 

from the SVR-RBF method compared with observed PM10 

levels 

Table IV. Error metrics of the forecasting model for pm10 

level detection 

 

Metric PCA SVR-RBF SVR-RBF 

Trainin 

g Set 

Validati 

on Set 

Training 

Set 

Validati 

on Set 

MAE 10.58 16.32 9.72 17.45 

RMSE 14.31 19.87 13.24 21.34 

nRMSE 0.215 0.301 0.195 0.319 

R2 0.775 0.695 0.801 0.672 

 

CONCLUSION 
Forecasting pollutant levels is a challenging task due to the 

highly variable and dynamic nature of the data, which 

fluctuates both spatially and temporally. Nevertheless, the 

growing importance of accurately predicting pollutant levels 

has become evident, as pollution significantly impacts both 

public health and the environment. In this study, we applied 

Support Vector Regression (SVR) to predict the levels of key 

pollutants such as NO2, SO2, PM2.5, and PM10, along with the 

Air Quality Index (AQI), using publicly accessible data for the 

city of Lucknow. 

 

As the next step, we aim to evaluate and compare the 

performance of alternative machine learning techniques, such 

as Artificial Neural Networks (ANN) and genetic algorithms, 

for forecasting pollutant levels in Lucknow. Additionally, we 

plan to explore various hyperparameter optimization methods 

and investigate different approaches to variable selection, 

particularly for handling larger datasets. 
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