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Abstract

Fine particulate matter (PM,s) (aerodynamic dimension (<2.5 pm)) poses a serious risk to public health
and urban environmental quality, particularly in rapidly growing cities of developing countries. Reliable
prediction of PM»s concentrations is therefore essential for effective air quality management and policy
formulation. This study develops a machine learning—based multiple linear regression (MLR) model to
predict PM2.s concentrations using hourly air quality data from three monitoring stations in Jaipur, India,
for the year 2019. Based on Pearson correlation analysis, PM1o, NOy, and benzene were selected as input
variables. Initial MLR models showed moderate predictive performance (R* = 0.27-0.71), which was
significantly improved through systematic data refinement techniques, including outlier removal,
logarithmic transformation, and bootstrapping. The optimized models achieved R* values ranging from 0.77
to 0.80 across the three sites, demonstrating strong agreement between predicted and observed PMo:.s
concentrations. The results highlight the effectiveness of combining simple machine learning techniques
with robust data preprocessing to enhance air quality prediction accuracy. The proposed approach provides
a practical and transferable framework for PM,s forecasting in data-rich urban environments and can
support decision-making for air pollution mitigation in Indian cities.

Keywords: Fine particulate matter (PM»s) prediction, Machine learning, Multiple linear regression (MLR),
Outliers, Data transformation, Urban air pollution

1. Introduction

Air pollution has emerged as one of the most critical environmental challenges affecting human health and
well-being, particularly in rapidly urbanizing regions. In India, outdoor air pollution is responsible for
approximately 670,000 premature deaths annually, primarily due to inadequate enforcement of emission
control regulations and rapid industrial and vehicular growth [1-3]. Several air pollutants, including
particulate matter (PM), carbon monoxide (CO), nitrogen oxides (NOx), ozone (O3), and sulfur oxides (SOxy),
frequently exceed the National Ambient Air Quality Standards in many Indian cities [4].
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Among these pollutants, particulate matter is of particular concern due to its strong association with adverse
cardiovascular and respiratory health effects [5—7]. The effects mainly rely upon the particle's atmospheric
concentration, size, and chemical configuration [8]. PM can be categorized into "coarse" (with an
aerodynamic diameter of < 10pm, PMo), “fine” (with an aerodynamic diameter of < 2.5um, PMz;s), and
“ultra-fine” (with an aerodynamic diameter of < 100nm, PM,) particles [9]. Fine particulate matter (PMz.s)
is especially hazardous as it can penetrate deep into the alveolar region of the lungs and enter the
bloodstream, thereby affecting multiple organ systems [10,11]. Exposure to PM:.s has been linked to asthma,
cardiovascular diseases, cancer, and increased vulnerability to respiratory infections, including COVID-19
[12-16].

Accurate measurement of PM s requires advanced monitoring equipment, which is often unavailable in
many developing regions. However, continuous ambient air quality monitoring stations routinely record
other pollutants that can be utilized for PM,s estimation through predictive modeling [17-20]. Such
predictive capability can support early warning systems, exposure reduction strategies, and air quality
management planning.

Recent advances in machine learning have enabled efficient handling of large environmental datasets and
improved predictive accuracy compared to conventional statistical approaches [21-24]. Despite this
progress, limited studies have focused on machine learning—based PM,s prediction in Indian urban
environments, particularly using large hourly datasets and systematic data refinement strategies [25].

In this context, the present study aims to develop a machine learning—based multiple linear regression
(MLR) model to predict PM» s concentrations for Jaipur, India. Hourly air quality data for the year 2019
from three monitoring locations were used. Key input variables were selected using Pearson correlation
analysis, and model performance was enhanced through outlier removal, logarithmic transformation, and
bootstrapping. The study provides a practical and transferable framework for PM,s prediction in urban
Indian cities.

2. Methodology
2.1. Study area and data collection

Jaipur, the capital city of Rajasthan (26°25'N, 74°55'E), is a rapidly urbanizing and landlocked metropolitan
area with limited atmospheric dispersion potential. The city covers approximately 11,061 km? and has
experienced significant population growth and urban expansion, contributing to deteriorating air quality
conditions [26].

Hourly air quality data for the year 2019 were obtained from the Rajasthan State Pollution Control Board
(RSPCB) for three continuous ambient air quality monitoring stations: Jaipur Psychiatric Center (site-1),
Jaipur Police Commissionerate Office (site-2), and Jaipur Science Park (site-3). The dataset included PM, s,
PMio, NOx, and benzene concentrations. Location of the study area and the three air quality monitoring sites
in Jaipur has been illustrated in Figure 1.
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Figure 1: Location of the study area and the three air quality monitoring stations in Jaipur, India.

2.2. Data pre-processing

The dataset used in the model was hourly from January 01, 2019, to December 31, 2019. Missing data
constituted only 2—-3% of the total dataset and were removed to ensure data integrity. Descriptive statistics,
including mean, range, and standard deviation, were computed for each pollutant at all three sites, as shown
in Table 1. The hourly dataset was randomly divided into training (80%) and testing (20%) subsets, and the
process was repeated multiple times to ensure robust model performance.

Table 1: Descriptive statistics of hourly air quality parameters used for model development at the three
monitoring sites (all units are in pg/m®)

Site-1 Site-2 Site-3
Parameter Range Mean Standard Range Mean Standard Range Mean Standard
value deviation value deviation value deviation
PM: s 0- 36.8 19.7 0- 61.7 43.2 0- 49.5 41.9
341.6 1053.8 1759.7
PMio 0- 99.6 77.8 0- 120.8 64.6 0- 11.3 134.1
2924.2 1432.5 7883.1
NO« 3.4- 45.0 36.9 0- 45.8 40.7 6- 353 22.0
358.1 607.2 273.5
Benzene  0-34.8 1.5 2.8 0-40 1.6 2.1 0-20.4 1.1 1.7
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2.3. Input variable selection

Due to the complexity and amount of input parameters, the selection of input variables is an important step
for model development and forecasting. The correlation analysis technique provides a good estimate for
input parameter selection; therefore, the Pearson correlation method was employed to identify the most
influential predictors of PM, s concentration in the present study. Pearson correlation coefficient (r) is one
of the easiest and quickest methods for the selection of input parameters and helps in categorizing the best
impactful input values for model forecasting [27, 28]. It is defined as the ratio among the covariance of the
two variables and the standard deviation of them as indicated in the following Equation 1 [29]:

r= 2 (1)

OxO0y

here gy, denotes the covariance among the x and y variables which is determined by Equation (2):

Oy = 22, (6 — %) % (v — 7) @)

where gy, gy, denote the standard deviation for the individual variable as determined by Equation 3 and

Equation 4, respectively.
T (x—%)?
o, = [l 3)

L 0i-9)?
oy = [HEOD @
The value of r signifies the linear relationship between the two evaluated variables, and its value lies between
-1 <r < 1. Here, the value 1 indicates a direct positive linear correlation; value -1 corresponds to a total
indirect negative linear correlation, and value 0 describes no relationship among the variables. An empirical
threshold of correlation coefficient (r > 0.25) was applied, resulting in the selection of PM;o, NOy, and

benzene as input variables for model development.
2.4. Machine learning-based MLR modeling
Multiple linear regression was selected due to its simplicity, interpretability, and proven effectiveness in air
quality prediction studies [30—32]. This method determines the relationship between several independent
variables and a dependent variable; therefore, MLR has been selected as a suitable technique for this study.
The most common form of the MLR model can be represented by Equation (5) [32]:

yTl = bO + b1x1 + bzxz + b3x3 +....... +bnxn (5)
Where,

y,, denotes the n™ dependent variable value; x,, denotes the n™ independent variable value; b, denotes the
intercept of the equation, and b,, denotes the n™ regression coefficient.

Due to the large amount of dataset, machine learning technique has been used for the development of the

MLR model in this study. Moreover, Python programming language and Jupyter Notebook environment
were used to implement the machine learning workflow due to their computational efficiency and extensive
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library support [33]. To enhance the accuracy of the model, the data were randomly distributed into two
parts, i.e., training data and testing data, with proportions of 80% and 20%, respectively. The random
distribution was conducted at least three times, and the best result was reported as the final model equation.

2.5. Model evaluation and refinement

Model performance was evaluated using the coefficient of determination (R?), which represents the model’s
prediction accuracy [34]. The R* values range from 0 to 1, with a higher R* value showing that the model
can make more accurate predictions. The following Equation 6 can be used to determine the indicator, R?
[32]:

R~ CLOh - 5)0h - %))
> ) :
IOy -¥D) L. (6- )

(6)

Here,

y,i and y} denote the i predicted and observed values; ¥, and ¥, denote the average of the predicted and
observed values, and n indicates the number of samples.

To improve prediction accuracy, three data refinement strategies were sequentially applied as discussed in
the Section 2.5.1-2.5.3. It should be noted that the technical process of converting data from one format,
standard, or structure to another without impacting the dataset's content is known as data transformation
[35, 36].

2.6.1. Removal of extreme outliers

Removing outliers is essential and cannot be neglected because their presence in the dataset may affect the
performance of machine-learning approaches and developed models [37]. Data outliers are usually the result
of inaccurate measurements. Outliers in the dataset may lead to mistakes in model evaluation and may cause
issues with model fitting [38]. The box plot method, the Z-score method, and applying upper and lower
limit thresholds are examples of outlier removal techniques [39]. The upper and lower threshold limit
method has been applied in the present study to exclude outliers from the dataset. Concentration with more
than three times the standards was taken as the cutoff criterion for higher extreme values, while
concentration values below 10 pg/m® for the pollutant were considered as the cutoff criterion for lower
extreme values.

2.6.2. Logarithmic transformation of data

Some machine learning or deep learning models, such as MLR, artificial neural network (ANN), and logistic
regression, assume that parameters or features are normally distributed. If the parameters used during
modeling are normally distributed, they can perform significantly better [40]. The general equation for the
Gaussian distribution function can be given by Equation (7) [41]:

—1X-H2

ez o @)

(0 = &

Here, o denotes the standard deviation, and p denotes the mean value.
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The above equation is based on the mathematical assumption that the selected input parameters follow a
Gaussian distribution while performing regression analysis [42]. Therefore, in this study, the data were log-
normalized to reduce data skewness and to make the data distribution closer to Gaussian in order to enhance
the model performance.

2.6.3. Bootstrapping technique

Bootstrapping is a resampling technique that involves drawing samples from the source data over and over
with replacement, usually to estimate a population parameter in statistics and machine learning methods
[43, 44]. With replacement means that the same data point may be included in the resampled dataset more
than once. The performance of any machine learning model with a limited number of data points can be
improved through the bootstrapping method [45]. In this study, after log normalizing the dataset, the
bootstrapping technique was used to enhance model robustness with limited effective samples. During
bootstrapping, more data points were generated, and thereafter, the performance of the MLR model was
evaluated.

3. Results and Discussion
3.1. Input variable selection using Pearson correlation coefficient

After computing the Pearson correlation coefficient among dependent and independent variables, an
empirical selection benchmark with values of r more than 0.25 has been applied, and considering this
criterion, PMo, NOx, and benzene have been selected as input variables to predict the concentration of
PM,s. The values of correlation coefficients between PM; s and the three selected parameters (PM o, NOx,
and benzene) have been shown in Figure 2 for the three monitoring sites. Correlation analysis revealed that
PM.o exhibited the strongest association with PM..s across all three sites, followed by benzene and NO.
These findings indicate the significant contribution of resuspended dust and combustion-related emissions
to fine particulate pollution in Jaipur.

-
o

B site-1
I site-2
0.81 [ ]site-3

Correlation coefficient of PM,

PM,, NO Benzene

X

Figure 2: Pearson correlation coefficients between PM» s and selected predictor variables (PMio, NOy, and
benzene) at the three monitoring sites.
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3.2.Development and evaluation of MLR models

Based on the three input parameters, i.e., PM;, NOy, and benzene, and output parameters as PM; s, the MLR
model was developed using a machine learning technique. Three MLR model equations, i.e., Equation 8§,
Equation 9, and Equation 10, were developed for the prediction of PM» 5 concentration for site-1, site-2, and
site-3, respectively. Equations 8-10 reflected relatively higher coefficients for benzene and PM, indicating
that they were significant contributors in the prediction of PM, s concentrations, as also supported by their
relatively higher Pearson correlation coefficients. However, at site-3, the contribution from NOyx was found
to be relatively higher than PMq.

PM, s = 14.58 + 0.20 PM4, + 0.72 Benzene + 0.02 NOy (8)
PM, s = 7.54 4+ 0.37 PM,, + 4.48 Benzene + 0.06 NO, 9)
PM, 5 = 19.01 4+ 0.11 PM;, + 0.75 Benzene + 0.02 NO, (10)

Initial MLR models produced R? values as as 0.71, 0.31, and 0.27 for site-1, site-2, and site-3, respectively,
indicating lower performance observed at site-2 and site-3. This reduced accuracy was attributed to data
skewness, extreme pollution events, and potential measurement anomalies [46]. The presence of these
factors may affect the accuracy of the model; thereby, the model was further improved using various
techniques as discussed in Section 3.3.

3.3. Improvement of model using data refinement techniques
3.3.1. Removal of outliers

After eliminating the missing quantities from the dataset, the values of outliers were also removed to
improve the model performance. After closely studying the dataset and considering the national ambient air
quality standards [47], PMas, PM,o, and NOy concentrations with more than three times the standards were
taken as the cutoff criterion for higher extreme values, while concentration values below 10 pg/m* for the
pollutant were considered as a cutoff criterion for lower extreme values as shown in Figure 3. It is
noteworthy that since the 24-hour average value for PM, s is 60 ug/m’®, for PMg is 100 pg/m?, and for NOx
is 80 pg/m’ as per the standards, therefore, 180 pug/m® for PMas, 300 pug/m?® for PM,o, and 240 pg/m* for
NOx were considered as the outliers on the higher extreme end and removed from the dataset. However, for
benzene, the pollutant concentration was not varying significantly from its standard value, therefore, no
outliers were detected.

The general statistics of R? values before and after the outlier’s removal for PM, s prediction are shown in
Table 2. It can be observed from Table 2 that after the outlier’s removal, the values of R? significantly
improved for site-2 from 0.31 to 0.61 and for site-3 from 0.27 to 0.51, respectively. The new and improved
MLR models were obtained after the outlier’s removal, as represented in Equations 11-13 for site-1, site-2,
and site-3, respectively.

PM, s = 11.50 4 0.25 PM,, + 0.32 Benzene + 0.02 NO, (11)
PM, s = 7.94 + 0.39 PM,, + 2.83 Benzene + 0.01 NO, (12)
PM, s = 13.05 + 0.31 PM,, + 0.94 Benzene + 0.04 NO, (13)
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Figure 3: Frequency distribution of for (a) PM»s, (b) PMo, and (c) NOx concentrations at the three
monitoring sites showing upper and lower outlier thresholds with red-dashed line.

Table 2: Comparison of MLR model performance (R?) before and after outlier removal for PM2.s

prediction
. R? value before outliers R? value after outliers
Location
removal removal
Site-1 0.71 0.71
Site-2 0.31 0.61
Site-3 0.27 0.51
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3.3.2. Logarithmic data transformation

A second approach employing data transformation and data generation methods while including extreme
values was also investigated for improving the MLR model’s performance. In this case, the data was initially
checked for skewness in the distribution, and in order to match it with the Gaussian distribution, logarithmic
transformation was applied. After reviewing the skewness, the dataset was logarithmically normalized three
times, and model efficiency was checked.

The model results were found to improve significantly after 3 times logarithmic normalization, and R* values
were in the range of 0.62-0.74 for the three respective sites, as shown in Figure 4. It is noteworthy that after
the dataset was logarithmically normalized three times, the value of R? significantly improved, especially
for site-2 from 0.31 to 0.62 and for site-3 from 0.27 to 0.73, thereby reflecting the effectiveness of the
method for enhancing model performance. This performance enhancement may be attributed to reduced
skewness and improved model linearity, The improved MLR models were obtained after the logarithmic
normalization as given in Equations 14-16 for site-1, site-2, and site-3, respectively.

PM, s = 0.37 + 0.67 PM;, + 0.07 Benzene + 0.04 NO, (14)

PM;s = 1.02 + 0.54 PM44 + 0.34 Benzene + 0.06 NOy (15)

PM, 5 = 0.46 + 0.68 PM;, + 0.12 Benzene + 0.06 NOy (16)
1.0

Site-1
Site-2
Site-3

Once Twice Thrice

Number of log-noramalization

Figure 4: Variation in model performance (R?) with successive logarithmic data transformations at the three
monitoring sites.

3.3.3. Logarithmic data transformation followed by bootstrapping technique
After logarithmic normalization, use of bootstrapping technique, a resampling technique for data generation

which involves drawing samples from the source data over and over with replacement, was also explored
to further improve the performance of the MLR models. The general statistics of the R? values after the
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application of the three times logarithmic normalization followed by the bootstrapping technique are given
in Figure 5. The results revealed that the highest model performance was obtained when logarithmic
transformation was combined with bootstrapping, resulting in R? values of 0.77, 0.77, and 0.80 for site-1,
site-2, and site-3, respectively. The improved and optimized MLR models, after applying the three times
logarithmic data transformations followed by bootstrapping technique, are given in Equations 17, 18, and
19 for site-1, site-2, and site-3, respectively.

PM, s = 0.35 + 0.69 PM;, + 0.06 Benzene + 0.04 NO, (17)
PM, s = 0.98 + 0.56 PM; + 0.34 Benzene + 0.04 NO, (18)
PM, s = 0.49 + 0.68 PM;, + 0.12 Benzene + 0.05 NO, (19)

Once Twice Thrice
Number of log-normalization
followed bv bootstrappina techniaue

Figure 5: Improvement in model performance (R?) after logarithmic transformation combined with
bootstrapping at the three monitoring sites.

3.4. Selection of the best model

When the MLR model was applied, the initial results of R? varied from 0.27 to 0.71 for the three sites of
Jaipur for PM, s prediction. Hence, various data refinement techniques were explored to improve model
performance. Firstly, the outlier’s removal technique was analyzed, and the results displayed R* values from
0.51 to 0.71 at the three locations. Secondly, the extreme values were included, and data was three times
logarithmically normalized, and the results exhibited significant improvement with R? values from 0.62 to
0.74 for the three sites. Furthermore, when the log normalized data was bootstrapped, R? values again
improved, ranging from 0.77 to 0.80 for the three sites, reflecting the effectiveness of the model’s prediction
for PM, s concentrations for Jaipur City. Therefore, it can be said that the best MLR models can be given
by Equations 17, 18, and 19 for site-1, site-2, and site-3, respectively.
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3.5. Predicted vs observed PM, s concentrations

After selecting the best model, curves have been plotted between predicted and measured values to validate
the accuracy of the developed MLR models, as shown in Figure 6. Predicted and observed PMo.s
concentrations showed strong agreement for all the three monitoring sites, confirming the robustness and
reliability of the optimized MLR models.
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Figure 6: Comparison between observed and predicted PM, s concentrations using optimized MLR models
at (a) site-1, (b) site-2, and (c) site-3.

o

4. Conclusions

This study successfully developed a machine learning—based multiple linear regression framework for
predicting PM» s concentrations in Jaipur using hourly air quality data. PM;o, NOy, and benzene were
identified as significant predictors through correlation analysis. Initial model performance was substantially
improved by applying outlier removal, logarithmic transformation, and bootstrapping techniques. The
optimized models achieved strong predictive accuracy, with R? values ranging from 0.77 to 0.80 across
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three urban monitoring locations. The close agreement between predicted and observed values validates the
effectiveness of the proposed approach. The findings highlight the importance of data refinement strategies
in enhancing air quality prediction models. The developed methodology is computationally efficient,
interpretable, and easily transferable to other urban environments with similar data availability. The results
can support air quality management, policymaking, and exposure mitigation strategies in Indian cities.
However, the model is developed using single-year air quality data and limited input parameters, which may
restrict its ability to capture long-term and meteorological influences on PM, s concentrations. Thus, future
research can improve prediction accuracy by integrating multi-year datasets, meteorological variables, and
advanced machine learning techniques for real-time PM, s forecasting
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