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Abstract

Accurate prediction of smog concentrations is needed to mitigate the harm of AP on
public health and the environment. This research proposes a new method to combine
machine learning (ML) models with live data from Central Pollution Control Board (CPCB)
to fill in the smog prediction accuracy gaps. The data consist of hourly AQI readings from
different towns in India which were preprocessed to adjust for missing values and nor-
malize data before ML models. The algorithms were tested with 8 ML algorithms, and
hyper-parameter settings were tuned using the GridSearchCV method. The results show
that XG Boost Regressor (XGBR) and Extra Tree Regressor (ETR) models significantly sur-
pass other ML algorithms and traditional techniques with better accuracy on predicting
smog. These results are useful for policymakers and environmental agencies to imple-
ment sustainable air quality management.

*Correspondence author email address: sahiljatoi744Q@gmail.com
DOI: 10.21015/vtcs.v13i1.2077

Environmental issues especially related to smog are a prime challenge that urban areas are facing in 21st century.
The aim of this study is to develop and evaluate machine learning models for predicting smog levels in India using
real-time data from the Central Pollution Control Board (CPCB). The objectives of this study are: To compare the
performance of several machine learning models, to identify the key features affecting air quality predictions, and
to apply hyperparameter tunning techniques to improve model performance. The consequences of harmful sub-
stances affect badly the city inhabitants and even their morale. The research written by [1], tries to demonstrate
the detrimental impact that smog has on health, such as breathing diseases, cardiac problems, and shortened

(ec) T

This work is licensed under a Creative Commons Attribution 3.0 License.

106


https://orcid.org/0009-0004-2947-5808
https://orcid.org/0009-0001-7474-8674
https://orcid.org/0000-0002-3537-8949
sahiljatoi744@gmail.com
https://doi.org/10.21015/vtcs.v13i1.2077
https://orcid.org/0000-0003-2841-2464

VAWKUM Transactions on Computer Sciences Volume 13, Issue 1, 2025

life expectancy.

The World Health Organization (WHO) indicate these observations that suggests 4.2 million deaths annually
due to AP, with smog being one of the most problematic sources, are often premature and preventable [2]. It's
irrefutable that smog and poor AQ represent a serious health risk, especially in urban contexts. Many studies have
shown that anincrease in AP correlates with worsening health outcomes, including respiratory and cardiovascular
diseases [3]. While urbanization and industrialization have tremendous potential for positive global development
and growth. Rapid industrialization has made access to clean air burdensome for many, primarily in developing
countries like India where poor AQ is a consequence of the region efforts to rapidly urbanize and modernize. To
mitigate these pollution trends and predict smog formation more proactively, the Indian government has been
actively monitoring AQ with open data for years, through its CPCB platform. This includes daily updates on key air
pollutants, providing information that's crucial for modeling, estimating, predicting the impacts of AQ on human
health, and finding ways to enhance AQ [4][5].

The research experimented by [6] provides a detailed analysis of the correlation between AP and health in ur-
ban environments. Another article published in the Journal of the American College of Cardiology, smog exposure
represents an elevated risk for cardiovascular diseases such as heart attacks and strokes [7]. Figure 1 illustrates
a map of India featuring 30 states from where the data is being collected to predict smog.

Figure 1. Map of Data Collection Sites

Each state shown is represented by attractive figure 1 to give the specific states their own individual cultural
or geographical identity. The states shown include Andra Pradesh, Arunachal Pradesh, Assam, Bihar, Chandigarh,
Chhattisgarh, Delhi, Gujarat, Haryana, Himachal Pradesh, Jharkhand, Karnataka, Kerala, Madhya Pradesh, Ma-
harashtra, Manipur, Meghalaya, Mizoram, Nagaland, Odisha, Puducherry, Punjab, Rajasthan, Sikkim, Tamilnadu,
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Telangana, Tripura, Uttar Pradesh, Uttarakhand, and West Bengal. The pollution data collected from these states
cover almost all diverse regions of India.

The hourly AQI recorded in the survey are often fed back into prediction models to make them more accurate.
The paper by [8] states that forecasting the levels of smog is important for authorities to plan preventive measures
to mitigate smog, including restricting traffic and issuing public health advisories. The paper by [9] describes a
ML approach to smog prediction, which tackled the complexities of AP via the use of previously gathered real-
time AP data. The study by [10] in which the researchers demonstrates the application of a deep learning (DL)
approach to forecasting the level of smog, a concern for public health and the management of AQ. The predictions
that are made from the underlying data are discussed considering the limitations of the traditional approach and
the benefits of the advanced approach, using ML to create better models that reflect the complex relationships
between a variety of irrelevant pollutants, atmospheric conditions, and other factors.

Due to the growing global concern for the economic and social consequences of unhealthy levels of AP. The
forecasting of the AQI has become an important topic in urban environment research. Shih et al. [11] published a
paper where a ML based AQI warning system was proposed to predict future AQ and identify both peak and low
values. This included the integration of ML in detection systems. In the research paper, Shah etal. [12] introduced
an intelligent real-time detection and notification system integrated with sensor integration and artificial intelli-
gence in a distributed computing framework for enhanced detection of real-time data. A similar study carried out
by Osman et al. [13] included the fusion of real-time and predictive analytics of AQI with the |oT that integrated
the different communication modules (ZigBee and Wifi) to monitor environments and collected data from vari-
ous nearby sensors to support the proposed method for environmental monitoring system. Furthermore, Kow
et al. [14] introduced a convolutional neural network (CNN) of image-based DL architecture for AQ estimation in
a distributed computing framework using a regression classifier in 2022. More recently, Liu et al. [15] focused
on the AQI forecasting using genetic algorithm ensemble of extreme learning machines (GAELM) for predicting
future AQ using ML algorithms. Ravindran et al. [16] illustrated the ML models for predicting the AQI in a coastal
city of India named Visakhapatnam. In another research paper, Hardini et al. [17] presented the ‘image-based
models and CNNs' for AQ prediction. Similarly, Hardini et al. [18] presented the use of Ensemble ML for AQ pre-
diction. Another research paper by Morapedi et al. [19] illustrated the ‘ML techniques’ for predicting the AP due
to particulate matter (PM2.5) in South African cities by using ‘AP datasets (2007 - 2015) from the region'.

Chen et al. [20] developed part of their research as an improved predictor for the ‘hourly PM2.5 concentra-
tions' that used a ‘causal CNN' for short-term predictions. Zhang et al. [21] in their research paper utilized the
ML algorithms for ‘data-driven developments to improve the deterministic AP forecasts' in Greater Stockholm,
Sweden. Masseran et al. [22] agreed with other researchers that predicting the AQI or AP and the classification
prediction of unhealthy AP events in terms of their severity classes depends on suitable ML techniques. Kuo et al.
[23] showed us how to predict dengue fever using ML models by considering different influencing factors, mainly
meteorological factors, a vector index, and AQIs as an early warning system for public health. It is worthy to men-
tion also the work of Jitkajornwanich et al. [24] who investigated the estimation of AQI with satellite data. Based
on detecting data, having challenges, and different types of satellite images, researchers in the field of AQ have
focused on predicting the AQI based on the satellite image using ML techniques and hybrid models that estimate
some parameters involved.

The next section will outline our methodology by detailing the data sources, preprocessing, and predictive
models. The subsequent section will present the results of our analysis. The study will ultimately be concluded
with a summary of the findings and limitations of this research.

Below are the briefly explained salient features and aspects of this research work:

* Preprocessed data by computing AQI values and addressing anomalies, missing data, and outliers.
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+ Employed various algorithms named XGBR and ETR with hyperparameter tunning.
+ Comparable protocols of building and deploying different ML models on real-time AQ data published by the
Government of India to predict smog with a high level of accuracy.

The research bottleneck has been the lack of comparative ML model efficacy in predicting smog in real time,
specifically in India’s various environment scenarios. While some previous research employs different ML tech-
niques, few provide a detailed comparative view that is specific to India’s specific air quality environment. Unlike
previous studies that focused on global AQ patterns, this research is unique in its focus on the specific AQ chal-
lenges of India. Moreover, while prior wok has largely applied traditional ML techniques, this study explores
advanced methods such as hyperparameter tunning and ensemble models to improve predictive accuracy for In-
dia’s urban and rural environments. The paper fills this gap by comparing several ML models for smog prediction
with higher precision for India’s urban monitoring needs. This paper offers a valuable contribution on India’s AQ
monitoring problem. In contrast to other research, which focus broadly on global AQ patterns, our work adjusts
ML models to the uncertainty and heterogeneity of India’s urban and rural data. It is also unique in combining
real-time data from the CPCB with hyperparameter-tuned ensemble models like XGBR and ETR etc. The predic-
tive performance is better than the known methods and shows the possibility of individualized ML methods in
extremely diverse locations.

2 Methodology

This analysis gathered data for three consecutive months from the CPCB official website: https://cpcb.nic.in/real-
time-air-quality-data/. The dataset used in this study is taken from the CPCB, which provides real-time AQI data
across various regions in India. The data covers hourly AQIl readings from 30 states in India, spanning three
months, from January to March 2024. It includes various pollutants such as PM2.5, PM10, O3, CO, and NO2. The
first was that the dataset didn't have AQI values, which are essential to calculate air pollution levels. AQI was
factored into the dataset, using a common AQI formula to deal with this. Prior to the AQI, data was preprocessed
(cleaning data, removing duplicates, and handling missing values). This was necessary to make the data valid and
stable for the next step which was to apply machine learning algorithms to further analyze and predict air quality
trends.

7 )
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Data Cleaning Data Normalization Train Test Split

Figure 2. Data Preprocessing Workflow

Figure 2 represents the preprocessing workflow of the smog prediction data. It consists of many essential steps
that help to prepare the data for the accurate modeling of the smog. It starts with open-source data collection.
After that, the cleaning of missing values, and outliers are removed. The calculation of the AQI for each point
using the standardized formula discussed above. The data is normalized and scaled. It involves the alteration of
numbers into the common scale which helps to train the model. Finally, the data is split into two parts training
and testing data which is required by the model.

The categorical AQIl values are computed as follows:
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AQI = (Pollutant Concentranon) 100 M

Pollutant Standard

This formula is applied to every data point to create an equivalent scale of AQ across different locations. Based
on standards like these, the data is scaled and normalized. The raw data was applied to this formula to get AQI
value for ML models. Before training and machine learning models, a correlation matrix was generated to extract
the relationships between the various air pollutants and the AQI. The correlation matrix was calculated to iden-
tify significant predictors of smog levels, that allowed us to select the most relevant features for model training.
The dataset is pre-processed to train and test the ML model. Several ML algorithms are used for prediction of
smog. These algorithms consist of Linear Regression (LR), Decision Tree Regressor (DTR), Random Forest Regres-
sor (RFR), K Nearest Neighbors Regressor (KNNR), Ada Boost Regressor (ABR), ETR, XGBR, and Support Vector
Regressor (SVR). For models like LR, the relationship between the input features and the AQl is assumed to be lin-
ear. However, AQ data often exhibits complex, non-linear relationships, that may make this model less effective
compared to more flexible models like RFR or XGBR that can capture these non-linear relationships.

Linear Regression (LR): One of the simplest and most interpretable models that is used for a regression task
is the LR model. With this model, it is assumed that the target variable is linearly related to the input features
according to the equation:

Y =00+ B1Xq + BaXg -+ BnXn (2)

Where y is the predicted value, 53 is the intercept, and 8, are the coefficients of the input features x4. Although
incredibly simple, linear regression may fail to capture non-linear relationships among the data.

Decision Tree Regressor (DTR): Itis a non-linear model that splits the data into sub-groups based on the value
of a feature variable, recursively partitioning the data to minimize variance within each subset and assigning the
prediction for a given observation to the mean value of the corresponding target variable in the terminal node.

Random Forest Regressor (RFR): It exploits the fact that ensemble methods can outperform each other by
combining ‘best predictions’. The prediction equation for RF is:

.1
y:

=]

N
> T 3)
<

Where T;(x) represents the prediction from the i-th tree.

K Nearest Neighbors Regressor (KNNR): It is a non-parametric method that predicts the target variable based
on the closest k training examples. The prediction is the average of the target values of the KNN, determined by
a distance metric such as Euclidean distance. The equation is:

1 k
=13 @

Where y; are the target values of the KNNs.

AdaBoost Regressor (ABR): It is an ensemble method that combines weak learners to create a strong pre-
dictor. It adjusts the weights of the training data based on the errors of previous learners, focusing more on
difficult-to-predict examples. The prediction is given by:

M
FX) = amhm(x) (5)

m=1
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Where hpy(x) are the weak learners and o are their corresponding weights.

Extra Tree Regressor (ETR): It is similar to RF but uses random splits for improved diversity. This method
averages predictions from multiple extremely randomized trees, enhancing prediction accuracy and robustness.
It uses the same prediction equation as RF.

XGBoost Regressor (XGBR): It is an optimized gradient boosting method known for its high performance. It
builds a series of trees, one after the other, each fixing the mistakes of the previous ones. The equation is:

K
=Y _filx (6)
k=1

Where f, are regression tree functions. XGB employs regularization to avoid overfitting and better generaliza-
tion.

Support Vector Regressor (SVR): It utilizes support vector machines which are used to perform a regression
task given the values of the input data points and the target responses. The prediction function is:

n
f00 =" aiKx, x) + b (7)
i=1

Where K is the kernel function, «; are the support vectors, and b is the bias term.

To further improve these models’ performance, we performed hyperparameter tuning and grid search with
cross-validation. To optimize the performance of ML models, hyperparameter tuning was carried out using
GridSearchCV. This process involved adjusting key parameters such as the number of estimators, learning rate,
and max depth for different models, as each model had different hyperparameters. The best performing config-
urations were selected based on evaluation metrics: R2, MSE, and RMSE. This is accomplished by systematically
changing the parameters of a model to find which combination of parameters produces the best predictive per-
formance. In this case, the usage of R-Squared (R%), Mean Squared Error (MSE), Root Mean Squared Error (RMSE),
Mean Absolute Error (MAE), and Root Mean Squared Log Error (RMSLE) is performed to assess and compare
performance.

The evaluation metrics used are defined as follows:

R2 =1- 25110/’,_5//)2
S -y)?

Where y; is the actual value, y; is the predicted value, and y is the mean of the actual values.

(8)

_1¢ o2
MSE = ,;(y' %) )

Where n is the number of data points, and y; and y; are the actual and predicted values, respectively.

G, o
RMSE = E;:(y,-—y,-) (10)

Where RMSE is the square root of the Mean Squared Error.

1L X
MAE=5§;|yf—yf| (11)
1=
Where MAE represents the Mean Absolute Error.
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S| =

n
RMSLE = \l (log(1 +y,) - log(1 +7,))? (12)
~

1

Where RMSLE calculates the Root Mean Squared Logarithmic Error.
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=

1
Decision Tree Boosting Algorithms (XG Boost, Ada Boost and Extra Tree)
Figure 3. Machine Learning Models Overview

Figure 3 depicts various ML models used to predict smog in the study. To begin with, LR is shown with a straight
line, which outlines a simple linear relationship between one value and the prediction of another value. Further-
more, the DTR is represented as a tree that is used to make predictions by collecting a set of future outcomes
from a node. Meanwhile, the RFR has a symbol of multiple trees. Additionally, the KNNR is illustrated by network
nodes, which are clustered based on the nearest neighbors. The boosting methods, being the collection of weak
learners learning, classified problems for stronger predictions are for ABR, ETR, and XGBR.

3 Results
The ML models were trained on a built-in computer running on an Intel i7 9th generation processor, 16GB of RAM,
and an NVIDIA RTX 2060 Super GPU. This powerful configuration allowed us to train models efficiently and train
each model hyperparameter tuned in 20 minutes. High-performance hardware and highly optimised algorithms
meant that the models were trained quickly and accurately and with high precision. This configuration saved a
lot of time in training and was flexible enough to play with various parameters and calibrate models for the best
performances.

Figure 4 illustrates the hyperparameters tunning of ML models. The process of tuning the hyper-parameter
starts with the selection of parameters. Followed by cross-validation, where different sets of parameters are
considered to verify the performance. Next step, the model evaluation is performed under R2 metric. The last
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stage called as optimization step indicates a choice of the best performing parameters to refine the accuracy and

robustness of inputs.

Figure 4. Hyper-parameter Tuning Process

Figure 5 shows the Heatmap of AQI levels in India on a geographical scale. The AQI values for the most ele-
vated areas are highlighted in yellow to purple, with purple representing the highest values. The graph plots this
information on a map of India to illustrate the distribution of air pollution problems. It gives a visual guide of
areas with air pollution, along a gradient color spectrum that can be easily understood.

B Camo © OpenSresMap cormioutys

Figure 5. Geographical Heatmap of AQI Levels

The results of each ML model are measured by metrics of R2, MSE, RMSE, MAE, and RMSLE that precisely
describe the accuracy and error rates of predicted smog levels. The AQ data used in this dataset is real-time in
real-world at different places in India, so there is a lot of variability and different types of data. To overcome this
complexity and variability, several ML models are used to ensure the best accuracy in predicting smog levels. The
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insights drawn from the ML models highlighted their effectiveness and limitations in addressing the objectives
of the study. Simpler models such as Linear Regression (LR) and K-Nearest Neighbors Regressor (KNNR) also
were used but performed less than ensemble approaches. LR presumes a linear correspondence between input
features and target variables, which does not apply to the nonlinear and complex interactions observed in air
quality measurements. Similarly, KNNR was more reliant on finding the right k-value and noise sensitivity when
applied to high-dimensional data, hence had a lower accuracy and error rate. These limitations emphasize the
need for ensemble methods that can better account for data heterogeneity. Table 1 below depicts the metrics
obtained from different ML models which are used in this research.

Table 1. Model Performance Metrics

Model Mean Squared Error | Root Mean Squared Error | Mean Absolute Error | R-Squared | Root Mean Squared Log Error
Linear Regression 1.1e-27 3.407e-14 2.6e-14 1.00 5.8e-15
Decision Tree Regressor 8.0e-03 9.0e-02 1.5e-02 0.99 7.0e-03
Random Forest Regressor 1.1e-02 1.0e-01 2.1e-02 0.99 1.0e-02
K-Nearest Neighbors Regressor 1.7e01 4.1 1.5 0.98 1.6e-01
AdaBoost Regressor 8.0e-01 8.9e-01 4.8e-01 0.99 1.0e-01
Extra Trees Regressor 4.0e-03 6.5e-02 1.0e-02 1.00 3.0e-03
XG Boost Regressor 1.7e-02 1.3e-01 3.6e-02 0.99 7.0e-03
Support Vector Regressor 3.1e01 5.5 2.8 0.97 3.1e-01
Extra Trees Regressor (Tuned) 4.3e-01 6.5e-01 3.0e-01 0.99 9.3e-02
Random Forest Regressor (Tuned) 7.3e-01 8.6e-01 3.5e-01 0.99 9.6e-02
XG Boost Regressor (Tuned) 1.7e02 1.3e01 57 0.99 3.9e-01

Figure 6 shows the comparison of various ML models for 5 metrics MSE, RMSE, MAE, RMSLE, and R2. In each
subplot each metric value is plotted with bars, and there are also the best performing models marked. It can
be observed that Extra Trees Regressor and XG Boost Regressor performed extremely well in several aspects.
To further validate our findings, other baseline models including Decision Tree Regressor (DTR), Random Forest
Regressor (RFR), and Support Vector Regressor (SVR) networks were used. These models had slightly higher accu-
racy compared with simpler models, but not as much as XGBR and ETR. While XGBR performed well in this study,
its performance could be considered overly idealized, as the validation with more diverse dataset and longer time
periods would help assess the model's generalizability and ensure its robustness under varying conditions. DTR
and RFR achieved R2 of 0.99, whereas SVR attains 0.97 mainly because of their inability to use the real-time vari-
ability in the data. RFR outperforms other models due to its ability to handle high-dimensional data and capture
complex, non-linear relationships. As an ensemble method, it aggregates the predictions from multiple decision
trees, which improves its generalization and robustness against over fitting. The importance of key parameters
such as PM2.5 and NO2 were found to be significant in determining the AQI levels, in line with findings from
similar studies.

It is also important that hyper-parameter tuning also improves performance. Grid search and cross-validation
were used to determine the best hyper-parameter configuration among the several ML models. These included
varying the tree count or number of estimators or the number of trees in the forest (for RFR and ETR), varying
the learning rate and the number of boosting rounds (in XGBR) and varying the value of k (for KNNR). The best
performing configuration sharply reduced both MSE and RMSE, hence the effect of hyper-parameter tuning to be
irreplaceable. To visually compare the performances among these models, the graphical representation between
the actual and predicted AQI values of the best performing models (XGBR and ETR) is shown in Figure 5. Figure 5
depicts a coincidence between the predicted and actual AQI values which signifies the high accuracy of the model.
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Figure 6. Bar Chart of Various Model Performance with Various Performance Metrics

Actual vs. Predicted AQI values using XGBoost Regressor
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Figure 7. Actual vs. Predicted AQI values using XGBoost Regressor

Figure 7 records the actual versus the predicted AQI values for the ETR. As for XGBR, the predicted values are
near to the actual ones, which denotes the high robustness of the model. Figure 8. Actual Vs. Predicted AQI

Values for ETR.

Table 2 compares our results with previously published works, it is seen that there is a drastic increase in
prediction performance. Earlier models were reported to reach R2 value of around 0.87 to 0.95 and RMSE value
between 2.0 to 4.0. But our best performing models (XGBR and ETR) reached R2 values of 0.99966 and 0.9582
respectively and RMSE values of 0.65600 and 1.4455 respectively. The key factor behind these comparatively
better validation results was the use of advanced ML techniques, robust preprocessing techniques, and extensive

115



VAWKUM Transactions on Computer Sciences Volume 13, Issue 1, 2025

Actual vs. Predicted AQI values using Extra Tree Regressor
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Figure 8. Actual vs. Predicted AQI Values for Extra Tree Regressor

hyperparameter tuning. One of the major things that contributed to good prediction in our case was the process
of hyperparameter tuning. Finally, the best performing model was the XGBR with the bare minimum amount of
error. Another strong model was the ETR. In the end, we conclude that ensemble methods can do well with smog
prediction which helps better manage and prevent smog issues as well as promote public health.

Table 2. Comparison Table

SNO | Feature Selected Model Technique Evaluation Metrics Reference
1 NO2, 03, PM10, PM2.5 LSTM, Hierarchical GRU RMSE (5.35 pg/m?) [24]
2 PM10, PM2.5, CO, NO2, SO2, NOx, NO KNN, GNB, SVM, RF, XGBoost Accuracy: 90% [25]
3 Temperature, CH4, CO, NMHC, NO, NO2, NOx, 03, PM10, PM2.5, RH, SO2 RF, SVM, and ANN Accuracy: 97% [26]
4 PM2.5 CNN, GRU, LSTM Accuracy: 99% 27
5 PM2.5, PM10, SO2, CO PCA, VGG-16 Accuracy: 85% 28]
6 €O, 502,NO2, 0 and PM DT, Gradient Boosted Tree, RF Accuracy: 82% [29]
7 03, PM2.5, PM10, SO2, CO, And NO2 ARIMA, ARIMAX and RNN Models Accuracy: 75% 301
8 Encoder, STAA-LSTM Network AAD, RMSE, MAE, and R2 Accuracy: 37% [31]
9 Number of Occupants, Area Per Person, Outdoor Temperature, Outer Wind Speed, Relative Humidity, and Air Quality | ANN, SVM, DT, GPR, LR, EL, Optimized GPR, Optimized EL, Optimized DT and Optimized SVM | Accuracy: 98% [32]
10 | PM2.5, PM10, 03, CO, NO2, SO2 LGBM, LSTM, WeightedC, LRC, and RFC Precision: 97.5% & F1 Score: 93.3% | [33]
1 PM2.5, PM10, NO, NO2, NH3, CO, 502, 03, Benzene, Toluene SVR, RFR, and CBR RMSE: 0.1403 [34]
12 | PM2.5, PM10, NO, NO2, NH3, CO, SO2, 03, Benzene, Toluene, AQI, NOx R2:1.0 Proposed

4 Conclusions

The study shows that the advanced ML model can predict smog levels with outstanding accuracy given the real-
time AQI data. Also, the XGBR and ETR were found to be the best models, among all ML models, with very high
accuracy and low error rates. These two models, in comparison to classical methods and other ML models, were
able to extract the complex patterns in the data very well. These results demonstrate the potential of using
advanced ML methods to strengthen environmental monitoring and public health safeguards. AQl management
can be facilitated with the increased predictive accuracy of the models, which can inform expedient and efficient
actions in protecting public health and reducing environmental impacts. Future work could further explore model
variants, more heterogeneous data sources, and even more efficient computation to better tackle the problem
of smog prediction. In turn, strengthened methodologies in smog prediction make for better environmental
management and for better mitigating the impacts of AP on public health.
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