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Abstract: 23 

Predicting air quality accurately is essential, especially in fast-growing cities where pollution directly impacts public 24 
health and environmental policies. This study compares different machine learning models to forecast air quality in 25 
major Indian cities using data from 2015 to 2020. We tested several algorithms, including Extra Trees, Random Forest, 26 
Linear Discriminant Analysis, K-Nearest Neighbors, Logistic Regression, and a combination of Random Forest and 27 
Extra Trees as an ensemble model. Our results show that the ensemble model consistently provides the most accurate 28 
predictions, outperforming individual models by leveraging their strengths. This approach improves the classification 29 
of air pollution levels, making it more reliable for real-time air quality monitoring. The findings can help policymakers 30 
and environmental experts develop better strategies for reducing pollution and protecting public health. This research 31 
highlights the power of machine learning in tackling environmental challenges and improving air quality forecasting. 32 

 33 
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 35 

1. INTRODUCTION 36 

 37 

Air pollution is one of the most critical environmental issues affecting urban populations worldwide. As cities expand 38 
and industrial activities intensify, the concentration of harmful pollutants such as carbon monoxide (CO), sulfur 39 
dioxide (SO₂), nitrogen dioxide (NO₂), and particulate matter (PM2.5, PM10) continues to rise. These pollutants have 40 
severe health consequences, including respiratory diseases, cardiovascular disorders, and premature mortality ([1]; 41 
[2]; [3]). The economic burden of air pollution-related illnesses is also substantial; in the United States alone, these 42 
illnesses cost an estimated $37 billion annually, with California incurring $15 billion of this expense ([4]). 43 

Despite decades of regulatory efforts, such as the Clean Air Act in the U.S. ([5]), air pollution remains a persistent 44 
challenge. Short-term exposure to pollutants like NO₂, CO, and PM can significantly impact lung function and 45 
cardiovascular health, particularly among vulnerable populations. The U.S. Environmental Protection Agency (EPA) 46 
and other organizations worldwide have developed Air Quality Index (AQI) systems to monitor pollution levels and 47 
inform the public about associated health risks ([6]). However, accurate and timely air quality forecasting remains a 48 
complex problem due to the highly nonlinear nature of pollution dynamics. 49 

Traditional statistical models, such as Auto-Regressive Integrated Moving Average (ARIMA), have been widely used 50 
for air quality prediction ([7]; [8]). While these models provide useful insights, they struggle with capturing complex 51 
interactions between different pollutants and meteorological factors ([9]). As a result, machine learning (ML) 52 
techniques have gained traction in recent years as a more effective approach to time-series forecasting ([10]). 53 



Machine learning models, including artificial neural networks (ANNs), support vector machines (SVMs), and genetic 54 
programming (GP), have shown superior performance over traditional statistical models in predicting air pollution 55 
levels ([11]; [12]; [13]). For instance, studies have demonstrated that ANNs can outperform ARIMA in volatile 56 
datasets, and hybrid models combining ANN with ARIMA can capture both linear and nonlinear patterns in pollution 57 
data ([14]).  58 

This study aims to compare multiple machine learning models for predicting the Air Quality Index (AQI) in major 59 
Indian cities using historical air pollution data from 2015 to 2020. We evaluate the performance of six models: Extra 60 
Trees, Random Forest, Linear Discriminant Analysis, K-Nearest Neighbors, Logistic Regression, and an ensemble 61 
model combining Random Forest and Extra Trees. Our objective is to determine which model provides the highest 62 
accuracy and reliability in classifying daily AQI levels. By leveraging ensemble learning, we seek to enhance air 63 
quality forecasting and provide actionable insights for policymakers and environmental scientists. 64 

The rest of this paper is structured as follows: Section 2 details the methodology, including data preprocessing and 65 
model selection. Section 3 presents the results and compares the performance of different machine learning techniques. 66 
Section 4 discusses our findings in relation to existing research. Finally, Section 5 concludes the study with 67 
recommendations for future improvements and practical applications. 68 

2. Method 69 
 70 

2.1. Algorithm analysis  71 

2.1.1. Extra Tree 72 

It consists of strongly randomizing attribute and cut-point choices while splitting a tree node. In the extreme case, it 73 
builds randomized trees whose structures are independent of the output values of the learning sample. 74 
 75 
The Extra Trees formula is as follows: 76 ݊݅ܽܩ(ܵ, (ܣ = (ܵ)ݕ݌݋ݎݐ݊ܧ − ∑ |ܵ௩|ܵ௩ఢ௩௔௟௨௘௦(஺)  77 (1)                                                                                            (௩ܵ)ݕ݌݋ݎݐ݊ܧ

(ݏ)ݕ݌݋ݎݐ݊ܧ  = ∑ − ௜݈ܲ(2)                                                                                                                                               (݅݌)2݃݋௖௜=1  78 

 79 

 80 

S: a training set 81 

 Pi: the proportion of rows with output label is i 82 

 c: Amount of distinct class labels 83 

 84 
 85 
 86 
2.1.2. random forest 87 

 88 

Random Forest is an ensemble-based machine learning approach that can be applied to classification, regression, and 89 
various other prediction tasks. Instead of training a single decision tree, the method builds a large number of decision 90 
trees, each of which is trained on a different subset of the training data and/or features. 91 

For classification problems, every tree produces a class label for a given input sample. The final predicted label is then 92 
chosen by majority voting — in other words, the class that receives the highest number of votes from the trees is 93 



returned as the model output. For regression problems, each tree outputs a numeric value, and the Random Forest 94 
returns the average of those values as the final prediction. 95 

A key advantage of Random Forest compared to a single decision tree is its reduced tendency to overfit. Aggregating 96 
many diverse trees lowers the variance of the model and generally yields more reliable predictions than relying on just 97 
one tree. In practice, Random Forests usually outperform standalone decision trees. However, gradient boosting 98 
techniques often achieve even higher predictive accuracy on many datasets. As with most machine learning models, 99 
the ultimate performance still depends strongly on how good and well-prepared the training data are. 100 

The discriminant function is given in Equation (3). For any new input, this function is evaluated and the Random 101 
Forest assigns a class label according to the majority vote across all trees in the ensemble. 102 

(ݔ)ܪ 103  = ௒ݔܽ݉݃ݎܽ ∑ ,ܺ)ℎ௜)ܫ (௞ߠ = ܻ)                                                         (3)௄
௜=௜  104 

 105 
All of these processes have one thing in common: the k-th tree, a random vector θk is made that is independent of the 106 
prior random vectors θ1, ..., θk−1 but with the same distribution; the tree is grown using the training set and θk, resulting 107 
in a classifier h (x, θk), where x is an input vector. 108 
 109 
I (·): the indicator function, 110 
H (·): single decision tree 111 
Y: output variable 112 
argmaxY : denotes the Y value when maximizing ∑ ,ܺ)ℎ௜)ܫ (௞ߠ = ܻ).௄௜=௜  113 
 114 
 115 
 116 
2.1.3. Linear Discriminant Analysis 117 
 118 
LDA is a linear model for dimensionality reduction and classification, as its name would imply. It is used most often 119 
for feature extraction in issues involving pattern categorization. LDA creates predictions by calculating the likelihood 120 
that a fresh batch of data belongs to each class. The output class has the best chance of producing a forecast for it. 121 
 122 
2.1.4. K Neighbors 123 

 124 

The k-nearest neighbors (KNN) method — also written as k-NN — is a supervised learning approach that makes 125 
predictions for a new sample by looking at the most similar samples in the training set. For a classification task, the 126 
algorithm finds the k training points that are closest to the query point in feature space and then assigns the class that 127 
appears most frequently among those neighbors. For regression, the predicted value is typically the average of the 128 
neighbors’ target values. 129 

KNN is considered one of the simplest algorithms used for both classification and regression. It does not build an 130 
explicit parametric model during training. Instead, all training data are stored, and the “learning” happens at prediction 131 
time. When an unseen input is presented, the algorithm measures the distance between that input and every example 132 
in the training set, identifies the k points with the smallest distance, and bases its decision on those points. Because 133 
the training data already contain labeled outcomes, KNN is categorized as supervised learning. 134 

A typical KNN workflow can be described as follows: 135 

1. Prepare and clean the dataset you will use (training set with known labels). 136 
2. Choose a value for k, which is the number of neighbors to consider. 137 



3. For a new (test) sample, compute the distance between that sample and each instance in the training set. A 138 
common distance measure for continuous features is the Euclidean distance. 139 

4. Select the k closest training samples. 140 
5. For classification: count which class label is most common among those k neighbors and assign that label to 141 

the test sample. 142 
For regression: take the mean of the neighbors’ target values and use that as the prediction. 143 

 144 
As our partitioning measure since it is the most obvious option. Suppose, for instance, that we have two focuses P1(X1, 145 
Y1) and P2(X2, Y2), then: 146 ݀(ܲ1, ܲ2) = √(ܻ2 − ܻ1)2+(ܺ2 − ܺ1)2                                                            (4) 147 

 148 

 149 

 150 
 151 
2.1.5. Logistic Regression 152 
 153 

Logistic regression is a classical statistical classification method that is also widely used in modern machine learning. 154 
In this method, the probability of a particular outcome is modeled as a function of one or more input (independent) 155 
variables in the dataset. 156 

The main objective of logistic regression is to learn a function that best describes how the predictors are related to a 157 
binary or categorical target variable. In other words, it fits a model that links the independent variables to the dependent 158 
variable in a way that allows us to estimate the likelihood that an observation belongs to a given class. 159 

2.1.6. Ensemble 160 
 161 
Ensemble-based statistical and machine learning methods (Malakouti et al., 2022; Malakouti & Ghiasi, 2022; 162 
Malakouti et al., 2022) combine the outputs of multiple models in order to obtain predictive performance that is 163 
typically superior to any single model used on its own. Unlike an ensemble in statistical mechanics — which is 164 
generally treated as an infinite collection of possible system states — an ensemble in machine learning is formed from 165 
a limited, explicitly defined set of models. However, even with this finite set, the way these models are combined can 166 
be designed in highly flexible ways. 167 
 168 
2.2 Data Preparation 169 

The database used in this article included 16 features. We had 29531 rows × 16 columns of data, a large quantity of 170 
data. From 2015-01-01 to 2020-07-01, these attributes. Data has features such as:   171 

City, Date, PM2.5, PM10, NO, NO2, NOx, NH3, CO, SO2, O3, Benzene, Toluene, Xylene, AQI, AQI_Bucket. 172 

2.3 Data Preprocessing 173 

To prepare the data for analysis, several preprocessing steps were undertaken: 174 

• Cleaning: We removed outliers and filled missing values using interpolation methods to maintain the 175 
continuity of the time series data. 176 

• Normalization: Given the varying scales of the pollutant concentrations, we normalized the data to a 177 
common scale using the Min-Max scaling technique to improve the performance of the machine learning 178 
models. 179 



• Splitting: The data was divided into training (70%) and testing (30%) sets to evaluate the models 180 
effectively. The division was stratified to ensure that both sets were representative of the overall data. 181 

 182 

2.4. Evolution Process 183 

Among evaluation strategies, k-fold cross-validation — and in particular the 10-fold variant — is widely applied in 184 
many studies (Malakouti, 2022; Malakouti, 2023; Malakouti, 2023; Malakouti, 2023). It is used to estimate how well 185 
a predictive model will generalize to unseen, real-world data. 186 

In addition to cross-validation, the dataset can also be divided into two disjoint parts: a larger portion (for example, 187 
75%) is used to train the model, while the remaining portion (about 25%) is reserved for testing and validation. During 188 
training, the model’s hyperparameters can be tuned using Bayesian optimization to search efficiently for settings that 189 
improve performance. 190 

We employed various machine learning models to address the nonlinear nature of air quality prediction: 191 

• Random Forest and Extra Trees: These ensemble learning methods are known for their high accuracy and 192 
ability to handle large datasets with many input variables. They work by building multiple decision trees and 193 
voting on the most popular output class. 194 

• Linear Discriminant Analysis (LDA): Used for its efficacy in dimensionality reduction and classification 195 
by finding a linear combination of features that best separates two or more classes of objects. 196 

• K-Nearest Neighbors (KNN): Chosen for its simplicity and effectiveness in classification by analyzing the 197 
labels of the nearest data points. 198 

• Logistic Regression: Implemented due to its ability to provide probabilities for different classes of air 199 
quality, which aids in interpretability. 200 

The performance of each model was assessed using several metrics: 201 

• Accuracy: Measures the proportion of true results (both true positives and true negatives) in the total data 202 
set. 203 

• F1-Score: Harmonic mean of precision and recall, providing a balance between them and is particularly 204 
useful when the class distribution is uneven. 205 

• Confusion Matrix: Provides a summary of prediction results on a classification problem. The number of 206 
correct and incorrect predictions are summarized with count values and broken down by each class. 207 

• Cross-validation: We applied 10-fold cross-validation to ensure that our model’s performance is robust and 208 
reliable across different subsets of the dataset. 209 

These methods and evaluation metrics enabled us to thoroughly analyze and compare the effectiveness of each 210 
machine learning technique in predicting the daily Air Quality Index (AQI) for Indian cities, leading to insights that 211 
could guide policy-making for improved air quality management. 212 

 213 

3. Statistical analysis 214 

This study evaluated several machine learning models to determine their efficacy in predicting the Air Quality Index 215 
(AQI) across various cities in India from 2015 to 2020. The analysis revealed distinct differences in the performance 216 
of each model, highlighting the advantages of ensemble methods in handling complex environmental data. 217 

In this study, various machine learning models were evaluated for their ability to predict the Air Quality Index (AQI) 218 
effectively. The ensemble methods, combining Random Forest and Extra Trees, stood out with the highest accuracy, 219 
achieving near-perfect classification in multiple tests. This approach demonstrated exceptional robustness across 220 
different cities, effectively capturing both temporal and spatial fluctuations in air quality data. The consistent high F1-221 



scores of the ensemble model across all AQI categories indicated a balanced precision and recall, showcasing its 222 
efficacy in handling diverse and complex environmental data sets. 223 

On the other hand, Linear Discriminant Analysis (LDA) showed a commendable ability in distinguishing between 224 
moderate and severe AQI categories but struggled with finer distinctions, such as predicting 'Good' and 'Satisfactory' 225 
categories. The lower F1-scores in these areas suggest that LDA might benefit from additional tuning or feature 226 
engineering to enhance its sensitivity and accuracy in less extreme conditions. 227 

K-Nearest Neighbors (KNN) displayed variable performance, highly dependent on the choice of 'k' and the distance 228 
metric used. Although it excelled in capturing local patterns within the data, its overall accuracy was notably lower 229 
than that of the ensemble methods, especially in urban areas with complex pollution sources. This variability highlights 230 
the model's sensitivity to local data structures and the need for careful parameter tuning in diverse urban settings. 231 

Logistic Regression provided valuable insights into the probability of different AQI categories, offering a probabilistic 232 
understanding of air quality levels. However, its performance was constrained by the method's inherent linearity, 233 
making it less effective in predicting extreme AQI values. The model's lower precision and recall in the 'Very Poor' 234 
and 'Severe' categories underscore the challenges logistic regression faces in contexts where the prediction of extremes 235 
is crucial. 236 

A systematic comparison of the evaluated models offers practical guidance on which approaches are most appropriate 237 
for deployment in real monitoring scenarios, and which are most informative for regulatory or operational decision-238 
making in air quality control. 239 

In this study, air quality was divided into six categories: good, moderate, satisfactory, poor, severe, and very poor. 240 
The objective was to measure how accurately different algorithms can recognize these classes and then recommend 241 
the most reliable model overall. 242 

The confusion structure of the KNN classifier shows several notable mistakes, including two samples that truly 243 
belonged to the “moderate” class being predicted as “good,” sixty-seven true “satisfactory” samples labeled as “good,” 244 
and ninety-four “poor” samples labeled as “moderate” (Fig. 1(a)). Additional misclassifications are also visible in the 245 
matrix (Fig. 1(a)). 246 

For evaluation, the test set contained 495 very poor cases, 242 severe cases, 1,623 satisfactory cases, 553 poor cases, 247 
1,812 moderate cases, and 266 good cases. For each of the six air-quality classes, precision, recall, and F1-score were 248 
calculated (Fig. 2(a)). The weakest class for KNN was “good,” while the strongest detection ability was observed for 249 
the most degraded air conditions (Fig. 2(a)). 250 

The class prediction error view encodes each true class with its own color (deep blue = good, green = moderate, pale 251 
red = poor, bold red = satisfactory, yellow = severe, pale blue = very poor). When colors from other classes appear 252 
inside a given bar, it means the model confused that class (Fig. 3(a)). For example, in the bar associated with “good” 253 
air quality (deep blue), there are also green and red portions, indicating that some good conditions were predicted as 254 
“moderate” or “satisfactory” (Fig. 3(a)). 255 

For Linear Discriminant Analysis, six “satisfactory” samples were labeled as “good,” and 69 “poor” samples were 256 
assigned to “moderate,” along with other smaller errors (Fig. 1(b)). 257 

Using the same test distribution (495 very poor, 242 severe, 1,623 satisfactory, 553 poor, 1,812 moderate, 266 good), 258 
the model metrics were computed again (Fig. 2(b)). The lowest F1-score was obtained for the “good” class (0.549), 259 
showing that “good” conditions were difficult for the model to learn. The best F1-score was observed for the 260 
“moderate” class (0.854), meaning that medium/typical air quality was identified relatively reliably (Fig. 2(b)). 261 

In the class error visualization, each category should ideally only contain its own color. However, within the “poor” 262 
class (pale blue), additional colors such as yellow, pale red, and deep red appear, which correspond to severe, 263 
satisfactory, and related classes. This indicates confusion between these categories (Fig. 3(b)). 264 



For logistic regression, a large portion of “poor” samples (101 cases) was predicted as “moderate,” and further 265 
mismatches can be observed by inspection (Fig. 1(c)).  Again using the same test counts, precision, recall, and F1-266 
score were calculated for all six classes (Fig. 2(c)). Logistic regression essentially failed to model the “good” class, 267 
giving an F1-score of 0 for that category. In contrast, it handled the “severe” class comparatively well, achieving an 268 
F1-score of 0.876 (Fig. 2(c)). 269 

The class prediction error plot shows that the “severe” class (yellow) also contains pale blue, which represents “very 270 
poor.” This means that some samples that should have been labeled “severe” were instead assigned to the “very poor” 271 
class and therefore disappeared from the severe bar (Fig. 3(c)).  The random forest model produced almost perfect 272 
predictions: only one “severe” case was incorrectly labeled as “poor,” and no other obvious errors are visible (Fig. 273 
1(d)). 274 

With the same test split (495 very poor, 242 severe, 1,623 satisfactory, 553 poor, 1,812 moderate, 266 good), the 275 
random forest achieved extremely strong scores (Fig. 2(d)). The lowest reported F1-score was 0.998 for the “severe” 276 
class. For “poor,” “satisfactory,” “good,” and “moderate,” the F1-score reached 1.000, indicating essentially perfect 277 
recognition of those classes (Fig. 2(d)). In the class error view, the “severe” bar (yellow) contains only a tiny amount 278 
of pale red (the “poor” class), which shows that a very small fraction of severe cases were labeled as poor. Apart from 279 
that, misclassification is negligible (Fig. 3(d)). 280 

For the Extra Trees classifier, some “satisfactory” cases (seven samples) were labeled as “good,” and other minor 281 
confusions are visible in the matrix (Fig. 1(e)).  Using the same test distribution, performance metrics were again 282 
computed (Fig. 2(e)). The weakest category for this model was “good,” where the F1-score was 0.972. The best 283 
performance was observed for the “moderate” class, which reached an F1-score of 0.993 (Fig. 2(e)). 284 

In the class error visualization, the bar for the “good” category (blue) also shows a red segment that corresponds to 285 
the “satisfactory” class. This indicates that a small number of truly good air-quality samples were predicted as 286 
satisfactory (Fig. 3(e)).  The ensemble that combines Extra Trees and Random Forest labels every sample correctly, 287 
without visible confusion across classes (Fig. 1(f)). 288 

When evaluated on the same test data, the ensemble delivers uniformly high precision, recall, and F1-score for all six 289 
air quality categories, outperforming the individual base learners in terms of consistency and overall reliability (Fig. 290 
2(f)).  Finally, the class prediction error diagram confirms this result: each bar is pure, containing only its own color 291 
and no intrusions from other classes. In other words, within the tested data, the ensemble correctly identified every air 292 
quality level with no observable cross-class confusion (Fig. 3(f)). 293 
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Fig1. Confusion Matrix for (a: K Neighbors), (b: Linear Discriminant Analysis), (c: Logistic regression), (d:), (e: random forest), 295 
(f: ensemble (et, rf)) for predicting air quality 296 



The analysis of machine learning models in predicting the Air Quality Index (AQI) across India’s urban landscapes 297 
revealed marked differences in their predictive accuracies. The ensemble methods, including Random Forest and Extra 298 
Trees, outshone other models with near-perfect classification scores, robustly handling the complex spatial and 299 
temporal variations in air quality data and achieving consistently high F1-scores across all AQI categories. In contrast, 300 
Linear Discriminant Analysis (LDA) demonstrated capability in distinguishing between severe and moderate AQI 301 
categories but struggled with the lower extremes, indicating a need for improved sensitivity through advanced feature 302 
engineering. The K-Nearest Neighbors (KNN) model showed fluctuating performance heavily dependent on the 303 
tuning of its parameters, particularly in complex urban settings where its accuracy was generally lower than that of 304 
ensemble methods. Logistic Regression provided valuable probabilistic insights but faltered in predicting extreme 305 
AQI values due to its linear nature, showing lower precision and recall in the 'Very Poor' and 'Severe' categories. 306 
These insights underscore the necessity for careful model selection and customization according to specific data 307 
characteristics and highlight the superior performance of ensemble models in real-time air quality monitoring systems, 308 
influencing future air quality management and public health policy formulation. 309 
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Fig2. (a: K Neighbors), (b: Linear Discriminant Analysis), (c: Logistic regression), (d:), (e: random forest), (f: ensemble (et, rf)) 316 
Classification Report for Predicting air quality 317 

 318 

 319 

The comprehensive evaluation of the machine learning models in this study revealed notable differences in their 320 
abilities to predict the Air Quality Index (AQI) across various urban environments in India. Each model's performance 321 
highlights unique strengths and potential areas for improvement, underscoring the importance of selecting the 322 
appropriate model based on the specific characteristics of the data and the predictive requirements. 323 

The ensemble methods, combining Random Forest and Extra Trees, consistently delivered the highest accuracy among 324 
the tested models. Achieving near-perfect classification in multiple scenarios, these methods proved highly effective 325 
in capturing the complex patterns of air quality fluctuations due to their robust nature and ability to generalize across 326 
different conditions. The high F1-scores observed for these models across all AQI categories indicate a well-balanced 327 
capability in precision and recall, making them particularly reliable for critical public health applications where 328 
predictive accuracy can directly influence policy decisions. 329 

Linear Discriminant Analysis (LDA) showed a strong ability to differentiate between the more extreme AQI categories 330 
but struggled with finer distinctions within the lower ranges, such as 'Good' and 'Satisfactory.' The model's lower 331 
performance in these categories suggests a potential limitation in its sensitivity to subtle variations in the input data, 332 
pointing to a need for more sophisticated feature engineering or possibly integrating more dynamic modeling 333 
techniques to enhance its predictive granularity. 334 

The performance of the K-Nearest Neighbors (KNN) model varied significantly with changes in the parameter 'k' and 335 
the distance metric used, which underscores the model's sensitivity to its hyperparameters. While KNN was adept at 336 
identifying localized patterns within the data, its overall lower performance compared to ensemble methods suggests 337 
that KNN may require careful tuning and validation to ensure its effectiveness in more complex urban settings. 338 

Logistic Regression provided valuable probabilistic insights into the likelihood of different AQI categories. However, 339 
its linear nature restricted its effectiveness in cases of extreme AQI values, where the relationships between predictors 340 
and air quality might be highly non-linear. This model's lower scores in precision and recall for the 'Very Poor' and 341 
'Severe' categories highlight its limitations in handling the full complexity of the data. 342 

The insights gained from this analysis are critical for refining air quality prediction models and enhancing their 343 
application in urban planning and public health policy. The superior performance of ensemble models suggests that 344 
they could be particularly useful in developing real-time air quality monitoring systems that require high reliability 345 
and accuracy. Meanwhile, the limitations observed in other models highlight the importance of continued research 346 
into model tuning, the integration of more diverse data types, and the exploration of hybrid models that can leverage 347 
the strengths of multiple predictive techniques. 348 

This analysis not only guides model selection for future implementations but also provides a framework for ongoing 349 
improvement and adaptation of air quality forecasting tools, essential for responding effectively to the environmental 350 
challenges faced by urban centers worldwide. 351 

 352 
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Fig3. Class prediction error for predicting air quality (a: K Neighbors), (b: Linear Discriminant Analysis), (c: Logistic 354 
regression), (d:), (e: random forest), (f: ensemble (et, rf)) 355 
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 357 

     4. compare with other works 358 

In the work by Castelli M. et al. (2020), a support vector regression (SVR) model was applied to forecast air pollution 359 
levels and Air Quality Index (AQI) values. Among the kernel functions evaluated, the radial basis function (RBF) 360 
kernel produced the strongest results for SVR. The authors also reported that using the full available feature set led to 361 
better performance than reducing the inputs through a principal component–type selection step. With this setup, the 362 
model was able to predict hourly pollutant concentrations (CO, SO₂, NO₂) and the hourly AQI for locations in 363 
California. When evaluated on unseen data, the method correctly assigned observations to the six AQI categories 364 
defined by the U.S. Environmental Protection Agency with an accuracy of 94.1%. By comparison, in the present 365 
study’s ensemble model combining Extra Trees and Random Forest (et, rf), AQI classification in India reached 100% 366 
accuracy. Accurate and timely AQI forecasts can help industry select appropriate pollution-control strategies and can 367 
reduce the population’s exposure to harmful air conditions (Alkabbani H. et al., 2022). In that study, a Random Forest 368 
(RF) approach was proposed and achieved a predictive performance of 92.41% for AQI. In contrast, the ensemble 369 
approach based on Extra Trees and Random Forest in the current work achieved perfect (100%) accuracy for AQI 370 
identification in India.  Because air contaminants are directly linked to human health outcomes, it is important to 371 
generate reliable high-resolution (e.g., hourly) pollution estimates (Jesemann A.S. et al., 2022). Artificial neural 372 
networks (ANNs) were highlighted as a strong modeling framework capable of reproducing observed variability in 373 
pollutant concentrations. For example, when forecasting nitrogen dioxide (NO₂), the reported test coefficient of 374 
determination was R² = 0.6976. The ANN-based model was considered sufficient both for capturing NO₂ dynamics 375 
and for assessing the impact of policy measures intended to reduce pollution. In comparison, in the present work the 376 
K-nearest neighbors (KNN) model achieved only 38.7% recall for AQI classification in India, indicating that KNN 377 
was less effective for this application and struggled to distinguish air quality categories.  Another study (Gocheva-378 
Ilieva S.G. et al., 2020) demonstrated its method on a long-term dataset: hourly measurements of seven air pollutants 379 
— ozone, nitrogen oxides, nitric oxide, nitrogen dioxide, carbon monoxide, sulfur dioxide, and PM₁₀ (particles with 380 
aerodynamic diameter under 10 µm) — covering nine years and three months in Dimitrovgrad, Bulgaria. The 381 
predictive framework incorporated three time-related variables and six meteorological variables as input features. The 382 
resulting models achieved R² values in the range of approximately 0.90 to 0.98, showing very strong explanatory 383 
power for that dataset. In comparison, the ensemble method (Extra Trees + Random Forest) reported in the present 384 
study produced 100% AQI classification accuracy for Indian air quality data. 385 

 386 

1. Conclusion 387 
 388 

This study's exploration of various machine learning models for predicting the Air Quality Index (AQI) across 389 
different urban areas in India has yielded significant insights into the capabilities and limitations of these technologies 390 
in environmental monitoring. Among the models tested, ensemble methods, specifically those combining Random 391 
Forest and Extra Trees, were distinguished by their superior performance, demonstrating robustness and high accuracy 392 
in forecasting air quality. These models not only handled the complex variations in air quality data with exceptional 393 
precision but also offered reliable predictions across a broad range of AQI categories, making them ideal candidates 394 
for integration into real-time air quality management systems.However, the study also highlighted challenges with 395 
other models. Linear Discriminant Analysis and K-Nearest Neighbors, while useful in certain contexts, showed 396 
limitations in their ability to consistently predict across diverse urban settings, suggesting a need for further tuning 397 
and optimization to enhance their predictive accuracy. Logistic Regression, useful for its probabilistic output, 398 
struggled with extreme AQI values, underscoring the necessity for incorporating non-linear modeling techniques in 399 
scenarios characterized by high variability in air quality levels.The findings from this research underscore the potential 400 
of advanced machine learning techniques to significantly improve air quality forecasting, which is crucial for effective 401 
environmental policy and public health planning. As urban areas continue to grow and environmental conditions 402 
become more complex, the ability to accurately predict air quality in real-time becomes increasingly important. 403 
Therefore, future research should focus on refining these models, exploring hybrid approaches that combine the 404 
strengths of multiple models, and expanding the datasets to include more diverse environmental variables.This study 405 



contributes to the field by providing a clear comparison of machine learning models in a critical application area, 406 
paving the way for more targeted and effective environmental monitoring efforts. As we move forward, it is essential 407 
that we continue to enhance these models through continuous research and adaptation, aiming to provide urban 408 
planners and public health officials with the tools they need to safeguard the environment and public health. 409 
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 451 



  G a i n ( S , A ) = E n t r o p y ( S ) −   ∑  v 𝜖 v a l u e s ( A )     |   S  v |  S E n t r o p y (   S  v )                                                                                                                                                                                         ( 1 )


  E n t r o p y ( s ) =   ∑  i = 1  c  −   P  i   l o g 2 ( p i )                                                                                                                                                                                                                                                                                               ( 2 )


  H ( x ) = a r g m a   x  Y   ∑  i = i  K  I (  h  i ( X ,   𝜃  k ) = Y )                                                                                                                   ( 3 )


    ∑  i = i  K  I (  h  i ( X ,   𝜃  k ) = Y ) .


  d ( P 1 , P 2 ) =    ( Y 2 − Y 1 ) 2   + ( X 2 − X 1 ) 2                                                                                                                         ( 4 )

