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Abstract. Air pollution is an important environmental and public health 
challenge, therefore, accurate Air Quality Index (AQI) forecasting is 
important for timely mitigation. This study predicts AQI in Jaipur, India 
using seven machine learning and deep learning-based models i.e., Multiple 
Linear Regression (MLR), Random Forest (RF), Support Vector Regression 
(SVR), XGBoost, Adaboost, Artificial Neural Network (ANN), and 
Convolutional Neural Network (CNN). For this purpose, two years of hourly 
data from three monitoring sites were used, with preprocessing to address 
missing values and outliers. Key pollutant and meteorological variables 
were selected using Pearson’s correlation coefficient vaules. Models were 
evaluated under three scenarios: pollutant parameters only (Case 1), 
meteorological parameters only (Case 2), and a combined dataset (Case 3). 
Performance was assessed using indices such as R² and RMSE. Case 3 
consistently produced the most accurate predictions, with Site 2 reflecting 
the best overall results. Among all models, XGBoost outperformed 
achieving R2 values of 0.77–0.95 and RMSE values of 16.96–20.98 across 
the three sites. The study demonstrates that XGBoost is a reliable approach 
for AQI forecasting and provides useful insights for air quality management 
and policymaking in rapidly urbanizing cities like Jaipur. 

Keywords: Air Quality Index (AQI) Prediction, Machine Learning Models, 
XGBoost Algorithm 

1 Introduction 
Air pollution is described as the change in ambient or indoor air quality through physical, 
chemical, or biological contaminants originating from human activities or natural events. 
Sources of air pollution can be household combustion appliances, vehicular emissions, 
industrial operations, and forest fires. Major pollutants that adversely affect human health 
include particulate matter (PM), sulfur oxides (SOx), nitrogen oxides (NOx), carbon 
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monoxide (CO), ozone (O3), ammonia (NH3), and lead (Pb) [1]. Among these pollutants, PM, 
SO2, NO2, and CO are primary pollutants, which are emitted directly from sources such as 
vehicles, industries, and dust. Conversely, secondary pollutants including ozone, smog, 
peroxyacetyl nitrate, and photochemical oxidants, which are formed via chemical reactions 
among primary pollutants in the atmosphere and can be even more harmful [2]. 

Air pollution causes significant human health impacts. A report by World Health 
Organization (WHO) reported that breathing polluted leads to approximately 4.2 million 
premature deaths annually from cardiovascular diseases, respiratory illnesses, lung cancer, 
and stroke [3]. In India, rapid industrialization and urbanization have intensified the problem, 
leading to over 1 million premature deaths and over 31 million disability cases [4]. 
Projections indicate a 24% rise in PM2.5 levels and a corresponding increase in premature 
mortalities by 2050 as compared to 2015 [5]. Thus, effective air quality management (AQM) 
is needed which involves three core components: (i) identifying and quantifying emission 
sources, (ii) implementing reduction measures through regulatory and non-regulatory 
actions, and (iii) monitoring and evaluating ambient air quality. To facilitate such monitoring, 
the Air Quality Index (AQI) as developed by Central Pollution Control Board (CPCB) and 
United States Environmental Protection Agency (USEPA) serves as a standardized measure 
of air pollution levels. AQI intergates multiple pollutant concentrations such as PM10, PM2.5, 
NO2, SO2, O3, NH3, CO, and Pb into a single, interpretable indicator where values below 50 
show good air quality, while those exceeding 500 indicate severe pollution [6]. AQI has thus 
become a vital tool for assessing air pollution impacts and guiding policy interventions. 

Machine learning (ML), a branch of artificial intelligence, has shown great potential in 
modeling complex, non-linear environmental processes in recent years. ML algorithms learn 
patterns from large datasets and make correct predictions without explicit programming [7]. 
Their ability to handle high-dimensional, unstructured, and incomplete data makes them 
highly effective for air quality prediction. Previous studies have demonstrated the application 
of ML as well as deep learning (DL)-based models for both short- and long-term AQI 
forecasting [8]. Unlike traditional statistical or deterministic models, ML-based approaches 
can capture intricate interactions among meteorological and pollutant parameters, providing 
more realistic results. Previous studies in literature have applied ML techniques to AQI 
prediction worldwide. For example, Liang et al. [9] used AdaBoost and stacking ensembles 
for Taiwan and found them most effective, and Van et al. [10] used XGBoost for Indian 
cities, achieving R2 = 0.92 and RMSE = 29.7. Similarly, Maltare & Vahora [11] compared 
SVM, SARIMA, and LSTM for Ahmedabad, with SVM achieving 95% accuracy after 
comprehensive data preprocessing. 

In view of the above, this study predicts AQI for Jaipur using pollutant and meteorological 
parameters through seven ML and DL models i.e., Multiple Linear Regression (MLR), 
Random Forest (RF), Support Vector Regression (SVR), eXtreme Gradient Boosting 
(XGBoost), Adaptive Boosting (AdaBoost), Artificial Neural Network (ANN), and 
Convolutional Neural Network (CNN). For this purpose, hourly data from three Rajasthan 
State Pollution Control Board (RSPCB) monitoring stations for two years (2018–2019) were 
analyzed. After data preprocessing (handling missing data and removing outliers), AQI was 
computed and input features were selected using Pearson’s correlation coefficient. Three 
modeling scenarios were analyzed: Case 1 with pollutant parameters only, Case 2 with 
meteorological parameters only, and Case 3 with combined parameters. Each model was 
trained, validated, and tested, with performance assessed using metrices R2 and RMSE. The 
results provide useful insights for policy development, urban air quality management, and 
public health planning, highlighting the effectiveness of data-driven ML approaches for 
environmental decision-making in rapidly growing urban cities. 
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2 Material and methods  
This Section 2 describes the methodology used in this study to predict AQI for Jaipur city 
using various ML and DL-based models. The steps included site selection and data 
acquisition, data preprocessing, AQI computation, input variable selection, model 
development, performance evaluation, and identification of the best predictive model. 

2.1 Site Selection and Data Acquisition 

Jaipur, the capital of Rajasthan, is located approximately 260 km southwest of New Delhi in 
northwestern India on a semi-arid plain (26°46′–27°01′N, 75°37′–76°57′E). This city covers 
an area of 467 km² with an estimated population of about 4.3 million in 2024. Surrounded by 
hills on most sides, Jaipur has observed a rapid increase in industrial, commercial, and 
residential activities, contributing substantially to deteriorating air quality. 

For this study, we collected hourly air quality data for the years 2018–2019 from three 
continuous monitoring stations operated by the RSPCB which is Site 1: Jaipur Psychology 
Centre, Site 2: Jaipur Police Commissionerate Office, Site 3: Jaipur Science Park. The dataset 
included pollutant parameters such as PM10, PM2.5, benzene, NO2, O3, NH3, CO as well as 
meteorological parameters such as temperature (Temp), relative humidity (RH), wind speed 
(WS), and atmospheric pressure (AP). The locations of the three sites are shown in Figure 1. 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 
Fig. 1. Map of Jaipur city showing the three RSPCB air quality monitoring stations. 

2.2 Data Preprocessing 

Initial data analysis was conducted and Table 1 summarizes the general statistics, including 
mean, and standard deviation for all parameters across the three sites. Each site comprised 
17,520 hourly records, corresponding to two years of continuous observations. 
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Table 1. Summary statistics of pollutant and meteorological parameters for the three sites. 

 Site 1 Site 2 Site 3 

Parameter Mean 
value 

Standard 
deviation 

Mean 
value 

Standard 
deviation 

Mean 
value 

Standard 
deviation 

PM2.5 42.84 29.51 67.82 46.94 52.31 44.90 

PM10 119.95 82.97 130.66 68.68 117.45 107.93 

NO2 33.39 22.04 42.52 30.15 25.86 19.98 

Benzene 1.46 2.72 1.34 1.97 1.21 1.96 

O3 50.04 33.73 43.19 37.96 43.31 27.40 

NH3 21.73 16.80 20.86 14.59 34.74 25.65 

CO 0.95 0.8 1.05 1.60 0.96 2.04 

RH 45.73 23.49 44.18 24.54 43.32 23.42 

Temp 26.88 6.63 25.86 7.08 26.83 6.85 

WS 1.24 0.68 0.89 0.56 1.03 0.61 

AP 748.42 18.65 748.54 25.71 746.72 18.61 
All units are in μg/m3 except for CO (mg/m3), Temp (˚C), WS (m/s), and RH (%). 

2.3 Handling of Missing Data and Outliers 

Missing or null values were identified using Python-based analysis. The percentage of 
missing values was 15.58% , 22.90%, and 24.06% for Site 1, Site-2 and Site-3, respectively. 
The missing values were replaced by the mean values in order to maintain the overall 
statistical consistency of the dataset while minimizing information loss. 

Furthermore, outliers were detected as data points that deviated significantly from the 
average value due to measurement errors, irregular events, or natural fluctuations. Detection 
was done by visual tools such as box plots and histograms. Outlier removal was carried out 
using the upper and lower threshold limit method, based on National Ambient Air Quality 
Standards (NAAQS), 2009 [12]. For example, the 24-hour permissible limit for PM2.5 is 60 
μg/m³; hence, the upper threshold was set to three times this value (180 μg/m³) and the lower 
limit to 10 μg/m³. Similar thresholds were applied to other pollutants as well. Since there is 
no CPCB-defined limits for meteorological parameters, outlier removal was not applied to 
them. 

2.4 AQI Estimation 

AQI is an indicator representing overall air quality conditions. In India, AQI is calculated 
using CPCB standards [6]. It combines eight pollutants i.e., PM2.5, PM10, O3, NO2, SO2, NH3, 
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CO, and Pb, and classifies air quality into six categories with 0-50, 51-100, 101-200, 201-
300, 301-400 and 401-500 indicating good, satisfactory, moderate, poor, very poor and 
severe air quality, respectively. 

Using the following CPCB formula as shown in Equation 1, a sub-index for each pollutant 
was computed , and the maximum sub-index among various pollutants denotes the overall 
AQI: 

Ip = [(IHi −  ILo)/ (BPHi −  BPLo)] × (Cp −  BPLo) +  ILo                                        (1) 

Where Ip = sub-index of pollutant p, Cp = observed concentration of pollutant p, and IHi, 
ILo = AQI values corresponding to breakpoint concentrations BPLo, BPHi 

2.5 Selection of Input Parameters Using Pearson Correlation Coefficient (r) 

To ensure model efficiency and avoid redundancy, input variables were selected using the 
Pearson correlation coefficient (r), which quantifies the linear relationship between two 
variables. It is defined as in Equation 2: 

r = Cov(X.Y)
σx.σy

                                                                                                                            (2) 

Where, Cov(X.Y) denotes covariance, and σx, σy denotes the standard deviation of 
variables X and Y, respectively. Values of r range from -1 to +1 with a positive value 
representing a direct linear relationship while a negative value indicates an inverse linear 
relationship, and zero implies no correlation. Parameters showing strong correlation with 
AQI were selected as input features for model development. 

2.6 Machine Learning Models 

Several ML models i.e., MLR, RF, SVR, XGBoost, AdaBoost, ANN, and CNN were 
developed for AQI prediction using pollutant and meteorological variables. The dataset was 
divided into training, validation, and testing sets in an 80:10:10 ratio. Model-specific details 
are summarized below: 

Multiple Linear Regression (MLR): MLR assumes a linear relationship between 
multiple independent variables and a dependent variable (AQI). It determines both the 
collective predictive ability of input variables and their individual significance. The formula 
for MLR is given in the below Equation 3 [13]: 

𝑦𝑦𝑖𝑖 = 𝛼𝛼0 +  𝛼𝛼1𝑥𝑥𝑖𝑖1 +  𝛼𝛼2𝑥𝑥𝑖𝑖2 + ⋯ +  𝛼𝛼𝑝𝑝𝑥𝑥𝑖𝑖𝑖𝑖  +  ɛ                                                                     (3) 

Where, 𝑥𝑥𝑖𝑖 = explanatory variable, 𝑦𝑦𝑖𝑖  = dependent variable, 𝛼𝛼𝑝𝑝= slope value of each 
explanatory variable, 𝛼𝛼0= y-intercept, and 𝜀𝜀 = error term. 

Random Forest (RF): RF is an ensemble learning method which builds multiple decision 
trees and averages their outputs to reduce overfitting. It efficiently handles non-linear 
relationships and large datasets. 

Support Vector Regression (SVR): SVR forms a hyperplane to fit data within a 
tolerance margin, effectively handling non-linear and high-dimensional datasets. It 
minimizes deviation from the true values using kernel functions. 

Extreme Gradient Boosting (XGBoost): XGBoost is an efficient ensemble learning 
method which sequentially builds decision trees to minimize residual errors. It includes 
L1/L2 regularization to reduce overfitting and supports parallel processing for large datasets. 
Its iterative learning process is given by the following Equation 4 [14]: 
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ŷ𝑖𝑖
𝑡𝑡 = ∑ 𝑓𝑓𝑘𝑘(𝑥𝑥𝑖𝑖) = ŷ𝑖𝑖

(𝑡𝑡−1) + 𝑓𝑓𝑡𝑡(𝑥𝑥𝑖𝑖)
𝑡𝑡

𝑘𝑘=1
                                                                                   (4) 

Where, ŷ𝑖𝑖
𝑡𝑡 = forecasts at the stage t; 𝑓𝑓𝑡𝑡(𝑥𝑥𝑖𝑖) = a learner at stage t; 𝑥𝑥𝑖𝑖 = the input variable; 

ŷ𝑖𝑖
(𝑡𝑡−1)= forecasts at the stage t-1. In this study. hyperparameters like learning rate, tree depth, 

and regularization terms were optimized during training. 
Adaptive Boosting (AdaBoost): AdaBoost combines multiple weak learners (usually 

decision trees) sequentially, assigning higher weights to misclassified instances. This 
iterative reweighting increases classification accuracy and robustness for difficult to predict 
samples. 

Artificial Neural Network (ANN): ANN imitates human brain learning by using 
interconnected neurons organized into layers. It captures complex, non-linear relationships 
and patterns in AQI data. Model parameters such as the number of hidden layers, neurons, 
activation functions, and learning rate were tuned in this work for optimal performance. 

Convolutional Neural Network (CNN): CNNs extract spatial and temporal 
dependencies from multidimensional AQI time series data using convolution and pooling 
layers. Convolution layers perform feature extraction, while pooling layers decrease 
dimensionality. Again, various hyperparameters such as filter size, number of layers, and 
dropout rate were optimized for this model to enhance feature learning and minimize 
overfitting. 

2.7 Model Evaluation 

The performance of the developed models was measured with two standard statistical indices 
i.e., coefficient of determination (R2) and root mean square error (RMSE). In case of 
regression models, a higher R2 (closer to 1) and a lower RMSE values reflect better predictive 
accuracy and lower error. 

Coefficient Of Determination (R2): The R2 value calculates the fraction of variance of 
the dependent variable which can be explained by the independent variables. It gives a 
estimation of how well the predicted values approximate the observed data [9]. A value of 
R2 = 1 indicates a perfect prediction, while a value close to zero reflects poor model 
performance. The R2 is computed using Equation 5 [7]: 

𝑅𝑅2  =   1 −  ∑ (𝑦𝑦𝑖𝑖− ŷ𝑖𝑖)2𝑛𝑛
𝑖𝑖

∑ (𝑦𝑦𝑖𝑖− ȳ𝑖𝑖)2𝑛𝑛
𝑖𝑖

                                                                                                           (5) 

Where yi is observed value of the i-th sample, ŷi is predicted value of the i-th sample, ȳi 
denotes mean of observed values, and n denotes total number of samples. 

Root Mean Square Error (RMSE): The RMSE measures the average amount of 
prediction errors by computing the square root of the mean squared difference between 
predicted and observed values [7]. It displays the model’s precision with lower RMSE values 
indicate higher accuracy and lesser deviations between predicted and actual data. The RMSE 
is computed using Equation 6 [7]: 

𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅 = √1
𝑛𝑛 ∑ (𝑦𝑦𝑖𝑖 − 𝑦𝑦𝑖̂𝑖)2𝑛𝑛

𝑖𝑖=1                                                                                                           (6) 

Where yi is observed value of the i-th sample, ŷi is predicted value of the i-th sample, and 
n denotes total number of samples. Together, R2 and RMSE give a comprehensive evaluation 
of each model’s predictive capability. R2 examines how well the model explains variance, 
while RMSE computes the average prediction error. 
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3 Results and discussion 

3.1 Variations in AQI Levels 

The AQI for each site was calculated as described in Section 2.4. Figure 2 shows the 
percentage distribution of AQI categories (Good to Severe) for the three monitoring stations. 
Site 1 most frequently fell in the Moderate category (AQI 101–200), followed by Sites 3 and 
2. In contrast, Site 2 showed the highest proportion of Poor (201–300) and Very Poor (301–
400) conditions, indicating more frequent pollution episodes. Overall, Site 2 recorded the 
worst air quality, followed by Sites 3 and 1, respectively. This pattern is likely due to Site 2’s 
location in dense traffic, commercial activities, and closely spaced tall buildings, which limit 
pollutant dispersion and promote accumulation in the lower atmosphere. 

 
 
 
 
 
 
 
 
 
 
 
 
 

 
 
Fig. 2. Percentage distribution of AQI categories across the three sites in Jaipur city. 

3.2 Selection of Input Variables using r Values 

Pearson correlation coefficient (r) was utilized to assess the relationship between AQI and 
each pollutant and meteorological variable, and parameters with higher correlation values 
were selected as model inputs. For pollutants, PM2.5 and ozone (O3) showed strong positive 
correlations with AQI while for meteorological variables, relative humidity (RH), 
atmospheric pressure (AP), and temperature (Temp) were selected due to their moderate 
correlations. Importantly, RH and Temp showed negative correlations which align with 
known meteorological effects i.e., higher humidity (often after rainfall) enhances particle 
washout and reduces AQI, while lower winter temperatures promote temperature inversion 
and trap pollutants near the surface, increasing AQI values. Table 2 presents the correlation 
coefficients for all the selected variables across the three monitoring sites. 

Table 2. Pearson correlation coefficient (r) values between AQI and selected pollutant and 
meteorological parameters. 

Location PM2.5 Ozone Relative 
Humidity 

Atmospheric 
pressure Temperature 

Site 1 0.81 0.24 -0.43 0.27 -0.15 
Site 2 0.92 0.18 -0.23 0.21 -0.18 
Site 3 0.89 0.28 -0.28 0.14 -0.01 
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3.3 Development and Evaluation of Models 

Several ML models i.e., MLR, RF, SVR, XGBoost, AdaBoost, ANN, and CNN were 
developed to predict AQI across the three sites and model performance was assessed using 
R2 and RMSE indices. Three experimental scenarios were considered with Case 1: Pollutant 
parameters only, Case 2: Meteorological parameters only, and Case 3: Combined pollutant 
and meteorological parameters and results are discussed below. 

Case 1: Using Pollutant Parameters: In this scenario, PM2.5 and O3 were used as input 
variables. The comparison of R² and RMSE values for models is shown in Figures 3a & 3b, 
respectively. The XGBoost model consistently showed the highest accuracy, with R2 values 
ranging from 0.77 to 0.95 and RMSE values between 16.88 and 21.57 across the three sites. 
The superior performance of XGBoost is attributed to its ability to capture complex non-
linear interactions, optimize decision trees through gradient boosting, and fine-tune 
hyperparameters efficiently. Following XGBoost, the ANN model performed next best, 
followed by RF, CNN, MLR, AdaBoost, and SVR. Among the sites, Site 2 achieved the 
highest predictive performance, followed by Site 3 and Site 1. 

 
 
 
 

 
 
 
 
 
 
 
 

 
                             (a)                                                                       (b) 

Fig. 3: Comparative performance of (a) R2 and (b) RMSE for seven models using pollutant 
parameters. 

Case 2: Using Meteorological Parameters: In this case, RH, temperature, and 
atmospheric pressure were used as predictors and R2 and RMSE values are illustrated shown 
in Figures 4a and 4b, respectively.  

 
 
 
 
 
 
 
     
 
 
 
 
 
 
                                 (a)                                                                    (b) 

Fig. 4: Comparative performance of (a) R2 and (b) RMSE for seven models using 
meteorological parameters. 
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The results revealed significantly lower R2 and higher RMSE values compared to Case 1. 
This suggests that meteorological parameters alone are insufficient to accurately predict AQI, 
which may be due to they represent environmental conditions rather than pollutant 
concentrations. The lack of direct emission-related variables limited model performance. 
Nevertheless, XGBoost again outperformed other models, with R2 values between 0.32 and 
0.39 and RMSE ranging from 32.14 to 57.09. 

Case 3: Using Both Pollutant and Meteorological Parameters: In the final scenario, 
both pollutant and weather variables i.e., PM2.5, O3, and RH were selected as input parameters 
and results for R2 and RMSE values are given in Figures 5a and 5b, respectively. It has been 
observed that the combined dataset produced significantly improved model performance 
compared to the previous two cases. This finding suggests that including meteorological 
conditions alongside pollutants provides a comprehensive understanding of AQI dynamics, 
allowing the models to capture both emission patterns and atmospheric influences. Again, 
XGBoost exhibited the best overall performance, with R2 = 0.77–0.95 and RMSE = 16.96–
20.98 across sites. The improvement confirms XGBoost’s capability to learn complex, non-
linear relationships and its robustness against overfitting. Comparative analysis also revealed 
that Site 2 consistently yielded the most accurate predictions, aligning with its higher 
pollution levels and data variability. These findings are consistent with previous studies, 
including Van et al. [10], who reported XGBoost’s superior performance for AQI prediction 
across Indian cities, and Obodoeze et al. [15], who found XGBoost most effective in 
predicting PM2.5 levels in Beijing, China. 

 
 
 
 
 
 
 
 

 
 
 
 
 
 
                                    (a)                                                                       (b) 
Fig. 5: Comparative performance of (a) R2 and (b) RMSE for seven models using both 
pollutant and meteorological parameters. 

Overall Discussion: Across all three cases, XGBoost evolved as the most accurate and 
reliable model for AQI prediction. Its gradient boosting approach, ability to handle feature 
interactions, and strong generalization make it particularly suited for urban air quality 
forecasting. Additionally, the results highlight that incorporating both pollutant and 
meteorological factors yields the most robust predictions, while models relying solely on 
weather variables perform poorly. This indicates the importance of integrating emission-
based and climatic inputs to understand complex air pollution behavior in urban 
environments like Jaipur. However, despite the promising results, the study is limited by the 
use of data from only three sites over a two-year period, which may not fully capture spatial 
or seasonal variations in air quality. So, future work should incorporate longer duration and 
more monitoring station data for more robust predictions 
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4 Conclusions 
This study provides a thorough analysis of AQI prediction for Jaipur using seven ML ans 
DL-based models (MLR, RF, SVR, XGBoost, AdaBoost, ANN, and CNN) trained on two 
years of hourly data from three RSPCB monitoring stations. Missing values were handled 
through mean replacement, and outliers were removed using threshold-based filtering to 
improve data quality. Three modeling scenarios were developed: (1) pollutant parameters 
only, (2) meteorological parameters only, and (3) a combination of both. Performance 
evaluation using R2 and RMSE showed that Case 3 consistently delivered the highest 
accuracy. Site 2 recorded the highest AQI levels, indicating a greater need for targeted 
mitigation in that region. Across all models, ML models outperformed DL-based approaches, 
with XGBoost achieving the best performance (R2 = 0.95, RMSE = 16.88) at Site 2 because 
it can model non-linear relationships and optimize features effectively. Overall, the results 
indicate the strong potential of data-driven ML models, particularly XGBoost, for accurate 
AQI prediction and informed air quality management in urbanized cities like Jaiour. This is 
the first AQI prediction study for Jaipur, reflecting the value of advanced predictive analytics 
in providing public health benefits and  policy support. 
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