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Abstract !
The role of air pollutants in the climate alterations of the North Central region
of Maharashtra was analysed with a focus on predicting the Air Quality Index,

a crucial tool for managing air quality in both residential and industrial areas. Artiqle History
A two-year study assessed air quality by analysing gaseous pollutants such ?ggj"’ed: 04 December

as Sulfur Dioxide(S0O,), Nitrogen Dioxide(NO,), and particulate matter (PM,
& PM,,). Pollutant concentration were estimated using satellite data from
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Sentinel-5P and OMI/Aura, supplemented by ground based measurement. K_eywor_ds
These efforts highlight the importance of continuous monitoring and prediction 2:: g(:nlgljitthn;
to combat the growing threat of air pollution in diverse environments. Spatial Chhatrapg’ti

and temporal variations in pollutant levels, with higher concentrations were
consistently observed in industrial zones as compared to residential areas.
Statistical correlation analysis was conducted to establish correlations between
satellite and in-situ measurements, validating the manoeuvre of remote sensing

Sambhaijinagar;
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technologies for air quality monitoring. The findings emphasize the importance
of a multifaceted approach, integrating satellite observations with ground-
based data, for enhanced air quality monitoring and management strategies.

Abbreviation

OMI Ozone Monitoring Instrument

Aura A Latin word for breeze, is a satellite for measuring ozone, aerosols and key gases

UTM Universal Transverse Mercator

CSIR- Council of Scientific and Industrial Research — National Environmental Engineering
NEERI Research Institute

PM, Fine Particulate Matter refers to particles with a diameter of 2.5 Micrometer or smaller.
PM,, Coarse Particulate Matter, refers to particles with a diameter of 10 Micrometer or smaller.
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SO, Sulfur Dioxide
NO, Nitrogen Dioxide
MIDC Maharashtra Industrial Development Corporation

IDW

Introduction

The death toll goes beyond seven million due to air
pollution annually, with significant economic costs
and health burdens, particularly in global south
countries. This underscores the urgent need for
action to mitigate these risks and protect health,
noting that early exposure can lead to lifelong health
issues. Air pollution is a pressing issue in India also,
with approximately 80% of Indian metropolitan areas
failing short of fulfilling the expected air quality
benchmarks. Alarmingly, around 56% of these cities
exceed permissible limits by nearly 1.5 times, leading
to significant mortality and morbidity. North Central
Maharashtra region has appeared in the research
literature on various ecological and environmental
aspects. Kaushik discussed the significant global
issue of air pollution caused by anthropogenic
activities, leading to severe health problems and a
reduction in public subjective well-being." A study
measuring the atmospheric concentrations of lead,
cadmium, nickel, manganese, and zinc in Aurangabad
using high-volume air samplers was reported in
literature.2 High levels of these metals were found at
various locations of heavy traffic and Industrial areas.
Owing to the significant air pollution challenges,
with particulate matter levels frequently exceeding
national standards, detailed studies on air quality and
preventive measures were recommended.® While
the aforesaid research articles touch upon various
aspects regarding air quality management in non-
attainment cities, a review of existing literature
reveals limited published studies specifically
addressing the air quality status of the North Central
Maharashtra region, indicating a gap in publicly
accessible scientific data for this area.

This knowledge gap necessitated a data-driven
approach to understand the current state of air
pollution, identify predominant sources, and evaluate
existing control measures. However, the urgency
of addressing air pollution extends beyond the
absence of recent studies. The North Central Region
of Maharashtra faces escalating environmental
and public health concerns due to air pollution.
Unfortunately, comprehensive and updated data

Inverse Distance Weighting is a type of interpolation method used in geospatial analysis

on these pollutants in this region remains scarce.
This lack of information hinders the development
of effective mitigation strategies. The advancements
in air quality monitoring technologies and analytical
techniques now allow for a more detailed and
accurate assessment of these pollutants. By filling
this knowledge gap, the present study aims to provide
critical insights that can inform policymakers, aid
in progressive mitigation strategies, and ultimately
contribute to the improvement of air quality and
public health. The present study will be academically
valuable andhold significant practical implications
for environmental management and regulatory
frameworks.

Despite the availability of national-level air quality
data, there is a notable lack of region-specific investi-
gations focusing on the North Central Maharashtra
region. This area is experiencing rapid urbanization
and industrial activity, yet localized studies that
assess spatial and temporal patterns of air pollution
are limited. Therefore, this study was designed to
address the practical research problem of assessing
ambient air quality in this region using a combination
of ground-based monitoring and geospatial analysis.
The findings aim to support evidence-based environ-
mental planning and local pollution mitigation efforts.

Materials and Methods

The administrative boundary of the analysis zone
was clipped from the global administrative boundary
database available at Global Administrative Areas
Database Management.* The coordinates of the
administrative boundary were reprojected to the
UTM Zone 43N / WGS84 system. The satellite
datasets obtained for this research, intended for
integration, analysis, and interpretation, were clipped
to match the edge extent of the administrative
boundary of the study area. Air quality monitoring
instruments were used to measure particulate matter
(PM,, and PM, ) concentrations. Envirotech Dust
Sampler APM460 DXNL (PM,)) is a high-volume
air sampler specifically designed for measuring
particulate matter (Dust Particles) with a wind-flow
dynamic diameter of smaller than 10 micrometers
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(PM,,). This instrument is equipped with a gaseous
sampling attachment, enabling the simultaneous
collection of gaseous pollutants along with particulate
matter. The APM460 DXNL was set up and operated
according to the manufacturer’s guidelines to ensure
accurate and reliable data collection. The device's
performance and calibration were periodically verified
to maintain data integrity. Envirotech APM411TE, a
robust and efficient air quality monitoring device,
is a commercialized version of the CSIR — NEERI,
a government of India initiative. This sampler is
tailored for environmental research and commercial
applications, offering precise measurements of
various air pollutants. This instrument was used in
order to get a reliable means to cross-validate data
obtained from other instruments and to enhance the
comprehensiveness of our air quality assessment. To
monitor fine particulate matter (PM, ), the Envirotech
Dust Sampler APM550 MFC (PM, ) was utilized.
This fine particulate sampler is designed to capture
particles with a wind-flow dynamic diameter less
than 2.5 micrometers. The APM550 MFC operates
with a mass flow controller, ensuring consistent and
accurate sampling rates. This instrument's high
sensitivity and precision made it an ideal choice for
detecting fine particulate pollution, which is crucial for
assessing health impacts and environmental quality.
The instruments were deployed at the Jawaharlal
Nehru Engineering College (JNEC) laboratory.
Calibration was performed before the start of the
sampling using standard procedures to ensure
measurement accuracy. The APM460 DXNL and
APM550 MFC were calibrated for their respective
particulate size ranges, while the APM411TE was
calibrated for general air quality parameters. The
sampling was conducted over a continuous period,
with each session lasting 24 hours to capture diurnal
variations in particulate matter concentrations.
The data was recorded and stored for subsequent
analysis. The collected samples were analyzed
using gravimetric methods for PM10 and PM,,
which involved weighing the filters were used both
before and after sampling to determine the mass of
particulate matter. The gaseous pollutants sampled
with the APM460 DXNL were analyzed using
appropriate chemical methods. Out of the nine air
quality monitoring stations in this region, five are
situated in residential neighbourhoods, three are
located in industrial zones, and one is placed in a
rural area.® These air quality monitoring stations

installed in the region were also used to collect the
data. The data was collected twice a week at these
locations.

To ensure accurate and reliable measurements in
our study, calibration, quality assurance and control
(QA/QC) for air quality monitoring instruments
were conducted. Calibration of the Envirotech Dust
Sampler APM460 DXNL (PM, ) was carried out using
NIST-traceable test dust with a known particulate
concentration. The instrument was set to operate
with a standard flow rate of 1.2 cubic meters per
minute (m*/min), and calibration involved comparing
the instrument’s readings against a reference
gravimetric method. The expected concentration for
PM10 was set at 100 ug/m?. Calibration checks were
performed before the start of sampling and at regular
intervals every 24 hours throughout the study. The
allowable deviation was +5% from the reference
value, and calibration logs, including pre- and post-
calibration measurements, calibration coefficients,
and error margins, are provided in the supplementary
materials. For the Envirotech Dust Sampler APM550
MFC (PM, ), calibration utilized a mass flow
controller to maintain a constant flow rate of 16 liters
per minute (L/min) and a PM, ; size-selective inlet.
The calibration was done using a certified calibration
aerosol with known particle sizes and concentrations,
with the expected concentration set at 50 ug/m?® as
per the ISO 13137:2013 (“Performance evaluation
of air quality continuous monitoring systems”) and
US EPA PS 11 (“Specification and Test Procedures
for PM,, High Volume Samplers”), with traceability
to NIST SRM 2786 reference aerosol. Calibration
was verified before sampling and checked every 48
hours. Any deviations in the values greater than £3%
from the reference values prompted recalibration.
Calibration data, including pre- and post-calibration
measurements and coefficients, are detailed in
the supplementary materials. The Envirotech
APM411TE, used for general air quality parameters,
was calibrated with standard air quality reference
gases, CO, NO,, and SO,, at concentrations of 10
ppm, 5 ppm, and 2 ppm, respectively. The calibration
procedure involved zeroing the instrument with clean
air followed by exposure to reference gases. The
instrument’s response was adjusted to match the
reference concentrations. Calibration was performed
before the sampling period and rechecked every
72 hours, with an allowable deviation of +4%
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from the reference readingsin line with US EPA
40 CFR Part 58 Appendix A. Calibration results and
verification data are included in the supplementary
materials.

Sampling was conducted continuously over a
24-hour periodat each measurement session to
capture diurnal variations in particulate matter
concentrations. Measurements were taken every
hour to document both peak and off-peak levels of
particulate matter. Each sampling session lasted for
24 hours, ensuring comprehensive data collection.
The research work provides a clear description
of this hourly sampling process and its role in
capturing the diurnal cycle of air pollutants. Arigorous
QA/QC framework for the study was established.
Data collection occurred at nine stations: five in
residential neighborhoods, three in industrial zones,
and one in a rural area. Sampling took place twice
weekly at each station, focusing on PM,, PM,.,
and gaseous pollutants (CO, NO,, SO,). Routine
maintenance of instruments, including filter changes
and cleaning every 48 hours, was performed to
ensure their proper functioning. Issues detected
during the operation were promptly addressed
with recalibration or repairs as needed. Data were
electronically recorded and stored in a secure
database with backup copies. QA/QC procedures
included regular performance checks and data
quality assessments. The APM460 DXNL maintained
a deviation of less than +5% from reference
standards, the APM550 MFC showed deviations
consistently within +3%, and the APM411TE had
a deviation from reference gases maintained at
+4%. Any anomalies in the data were investigated,
and corrective actions, such as re-sampling or
recalibration, were taken as necessary.

The selection of monitoring instruments, calibration
procedures, and data processing methods was
guided by established regulatory standards and
peer-reviewed literature. The particulate matter
sampler (APM 460 DXNL) was calibrated using
a certified reference aerosol following US EPA
Performance Specification 11 and ISO 13137:2013.
Gaseous pollutant analyzers were calibrated with
NIST-traceable gas standards in line with US
EPA Methods 6C (SO,), 7E (NO,), and 10 (CO).
Conversion of satellite imagery to TOA radiance
was essential for enabling radiometric consistency
and was performed according to Chander et al.
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and USGS Landsat Data Processing Guidelines,
facilitating reliable comparison across dates and
scenes. Spatial interpolation of air quality data
was done using Inverse Distance Weighting
(IDW), a well-established geostatistical method
suited for environmental studies with unevenly
distributed monitoring stations. The choice of IDW
was based on its ability to provide reasonable
estimates with minimal computational assumptions,
as recommended in recent air quality mapping
literature.5?

Radiometric correction involves converting the
magnitude of a Digital Number (DN) to the amount
of radiance or reflectance magnitude. This process
can be performed at each step change of radiance
standardization. The first level involves converting
sensor DN values to at-sensor radiances using
sensor calibration data. The second level transforms
at-sensor radiances to ground level radiance.®

Conversion to TOA Radiance: Conversion to Top-
of-Atmosphere (TOA) Radiance was performed to
transform the raw digital numbers (DNs) obtained
from satellite imagery into physically meaningful
radiometric units (W/m?-sr-um). This step is essential
for ensuring consistency across scenes acquired
under different illumination conditions and sensor
settings. TOA radiance accounts for the sensor’s
spectral response and solar geometry, which is
critical for any subsequent atmospheric correction,
quantitative analysis, or temporal comparison of
surface features.

The metadata file includes radiance rescaling
factors, which can be applied to transform OLI
and TIRS band data were converted into top of
atmosphere (TOA) reflectance™®

L, =M*Q,, +AL (1)

L, = TOA spectral radiance (Watts/(m2 * srad *ym))
M, = the valve of the band-specific multiplicative
rescaling factor was obtained from the meta data

(RADIANCE_MULT_BAND_x, where x represents
the specific band number)

AL = summative rescaling factor particular to the
Band retrieved from the metadata
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(RADIANCEADDBand), where x represents the
specific band number.

Q,, = Standardized and adjusted standard product
pixel values (DN)

Conversion of TOA Reflectance

Band data can be converted to top-of-atmosphere
(TOA) ground surface reflectance using reflectance
rescaling factors available in the product metadata
file (MTL file). The following formula illustrates the
transformation of DN values into TOA reflectance
for OLI data9—-11

pA'= Mp*Qcal + Ap ..(2)

pA'= TOA planetary reflectance, without correction
for solar angle. Note that pA' does not contain a
correction for the sun angle.

Mp =The band-specific multiplicative rescaling factor
was extracted from the metadata.The band —specific
multiplicative rescaling factor was extracted from the
(REFLECTANCE_MULT_BAND_x where x
represents the specific band number)

Ap = summative rescaling factor particular to the
Band retrieved from the metadata

(REFLECTANCE_ADD_BAND_x, x denotes the
band number)

Qcal = Standardized and adjusted pixel values of
the product (DN)

TOA reflectance, adjusted for the sun angleTOA
reflectance, adjusted for the sun angle, is: "%

pA= pA'/ cos (8g,) = pA'/ sin (8;) .-(3)

pA = TOA planetary reflectance

OSE = Local sun elevation angle measured in degree
at the scence center is provided in the metadata
SUN ELEVATION.

©SZ = Local solar zenith angle; 8SZ = 90° - 6SE
To improve reflectance estimates, utilize per-pixel
solar angles instead of scene center angles.
However, Landsat 8 does not presently offer per-
pixel solar zenith angles.
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Atmospheric Correction

It is important to note that Landsat 8 images
includes band-specific rescaling factors ,which
allow direct conversion from DN valve to Top-of-
Atmosphere (TOA) reflectance. However, to
accurately measure ground-level reflectance, the
effects of the atmosphere, which can vary with
wavelength, must be accounted for. As explained by
Moran et al., the land surface reflectance (p) can be
determined using these considerations.®
p=1*(L,-L, )*d? / TV¥{(ESUN,*cos8SZ’T, )+E_ ..
..(4)
where

LP = Radiance along the path

TV = Atmospheric opacity along the line of sight
TZ = Atmospheric opacity in the light source direction
Edown = downwelling diffuse irradiance

ESUNA= mean solar exo-atmospheric irradiances
d =The Earth_sun distance included in the Landsat
8 metadata,is used for reflectance calculation

The Landsat 8 image's path radiance was
calculated using the Dark Object Subtraction (DOS)
technique.'®'”

L.=L;,-0.01* Tv:{(ESUNA*cosBsz*Tz }+E,  )/(TT*d?)
...(5)

Where,

L . isthecalibration constant(RADIANCE_MINIMUM_

BAND_x, where x is the band number)

Several Dark Object Subtraction (DOS) techniques
Suchas DOS1,D0S2, DOS3, DOS4), are available,
each based on different assumptions regarding TV,
TZ,and E

down’

In this study, the method simplest technique is
the DOS1, where the following assumptions are
made14: TV =1; TZ = 1; Edown = 0. Therefore, the
pathradiance is:

L=L,,-0-01*(ESUNA*cosbsz)/ mr*d? ...(6)
the resulting land surface reflectance is given by:

p=(T*(LA-L )*d?)/(ESUNA" cosbsz) (7)
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Aerosol Optical Thickness (AOT) and PM10
Correlation

The atmospheric reflectance was subsequently
correlated with PM10 concentration levels.The
atmospheric reflectance was subsequently then
correlated with PM10 concentrations using
regression analysis. PM10 models were calculated
based on this analysis. PM10 maps were generated
using the proposed algorithm, selected for having
the highest correlation coefficient (R = 0.888) and
the lowest Root Mean Square Error (RMSE) values.
The linear regression model, as presented by Nadzri
O et al. (2010), is used for this purpose.

PM10 = 396R ,, + 253R,, -194R , (8)

PM10 represent the concentration of particulate
matter with a diameter of 10 micrometer or less,
measured in microgram per cubic meter (ug/m?),
while RA1, RA2, and RA3 are denote the Atmospheric
reflectance/path radiance in the blue, green, and red
spectral bands.

Sentinel-5P Sulfur Dioxide and Nitrogen Dioxide
The Sentinel-5P satellite, operated by the European
Space Agency (ESA), is dedicated to monitoring
atmospheric composition and air quality.5 The data
obtained includes the Sentinel-5P OFFL SO, and
Sentinel-5P OFFL NO, products, which measure
concentrations of sulfur dioxide (SO,) and nitrogen
dioxide (NO,) in the atmosphere, respectively. SO, is
a significant atmospheric pollutant primarily emitted
by volcanic activity and the combustion of fossil fuels.
NO2, another critical pollutant, originates largely
from industrial activities and vehicle emissions.
These products are processed in an offline mode,
meaning the data is provided with a delay to ensure
high accuracy and quality, making them suitable for
detailed environmental and atmospheric studies.

The Sentinel-5P data for SO, and NO, was acquired
through. Google Earth Engine (GEE), robust cloud-
based platform designed for analysing environmental
data analysis. The first step involved filtering the
data based on specific time frames and geographic
areas of interest, ensuring relevance to the study
objectives. Cloud masking techniques were applied
to exclude pixels affected by clouds, thus improving
the reliability of the atmospheric data. The data was
then reprojected to a common spatial reference
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system and re-sampled to a consistent resolution
to facilitate uniform analysis

For the analysis, concentration maps of SO, and
NO, were created, providing a visual representation
of pollutant levels across the study area. Temporal
trends and seasonal variations were examined by
calculating average concentrations over specific
periods and identifying changes over time. Additio-
nally, correlation and regression analyses were
conducted to explore the relationships between
pollutant concentrations and potential sources, such
as industrial zones and traffic density. This analysis
helped identify contributing factors to the observed
pollution levels.

The study included validation and quality assessment
steps, such as cross-verifying satellite data
with available ground-based measurements to
evaluate accuracy. An uncertainty analysis was also
performed, considering potential errors due to factors
like cloud cover, sensor calibration, and atmospheric
conditions. The results were interpreted and reported
using various visual tools, including maps and charts,
to communicate the findings regarding the spatial
distribution, temporal trends, and potential sources
of SO, and NO,. This comprehensive methodology
leverages Sentinel-5P data and the capabilities of
GEE to provide robust insights into air quality and
atmospheric pollution.'®

Spatial interpolation

Spatial estimation is a technique used to determine
values at unmeasured locations by utilizing data from
nearby or surrounding measured points. According
to Tobler’s First Law of Geography, which suggests
that locations closer in proximity are more likely to
exhibit similar values than those farther apart, this
method uses a neighborhood of sampled points to
estimate values at unsampled sites." It is widely
applied for predicting unknown data for geographical
variables such as elevation, precipitation, chemical
concentrations, and noise levels. The selection of an
estimation method depends on factors like the available
data, spatial and temporal resolution, desired output,
and accuracy requirements.

To estimate pollutantlevels atan unmeasured location,
spatial interpolation techniques are employed. These
techniques are broadly categorized into two types:



WANJULE & MANGULKAR, Curr. World Environ., Vol. 20(2) 589-619 (2025)

deterministic and stochastic (non-deterministic).2°
Deterministic methods rely on explicitly defined
spatial parameters, such as the level of similarity or
smoothing applied. In contrast, stochastic methods
incorporate random functions and account for
spatial relationships between data points. Stochastic
approaches analyse spatial autocorrelation among
observed data points and consider the spatial
arrangement of samples around the target location
for prediction. Unlike deterministic methods, which
do not provide error estimates for predicted values,
stochastic methods offer both error evaluations and
variance estimates for the predictions.

Thin Plate Spline Interpolation

The Spline interpolation technique utilizes an
interpolation method that estimates values using a
mathematical function designed to reduce the overall
surface curvature. This results in a continuous and
even surface that exactly intersects the provided
data points. The approach involves a weighted sum
of thin plate splines, each centred on a data point,
which generates an interpolation function that not
only intersects the points but also minimizes the
surface's bending energy. Although the fundamental
requirement is that the spline must intersect all data
points, regularization techniques can be introduced
to relax this constraint, particularly in cases of noisy
or sparse data.

The primary concept behind minimum curvature
spline interpolation is based on two essential
conditions: the surface must exactly intersect the
data points, and the surface must exhibit minimal
bending. More precisely, the method seeks to
minimize the aggregate sum of the squared second
derivatives of the surface across the entire domain.
This ensures that the surface remains as gentle
as possible while still adhering to the data points.
Regularization allows for a trade-off between
surface smoothness and fidelity to the data, which
is particularly important when the data is irregular
or incomplete. This method is widely used in areas
such as spatial modellingand digital rendering,
where generating surfaces that are both accurate
and visually coherent is crucial.

Interpolation base on Inverse Distance Weighted
The Inverse Distance Weighted (IDW) interpolation
method predicts the valve of cell at an undefined
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location by taking the mean of the values of data
points in proximity.?' The closer a data point is to
the centre of the cell being estimated, the greater its
influence or weight in the averaging process. This
method assumes that the closer a sample pointis to
the undefined location, the more reliable its value will
be for estimating the value of that location.?? IDW is
a widely used method in GIS and is often considered
one of the simplest forms of interpolation. Various
techniques utilize weighted moving averages of
points within a defined area of influence. The IDW
algorithm typically works by assigning weights to the
surrounding data points based on their distance, with
closer points receiving higher weights. IDW primarily
the inverse of the distance raised to a certain power.?
The exponent determines the extent to which nearby
known points influence the interpolated value based
on their distance. This exponent is always a positive
real number with a default value of 2. By increasing
the power, more emphasis is placed on nearby
points, resulting in a more detailed (less smooth)
surface. The higher the power value, the more the
interpolation will mimic a “point-source” effect, where
the interpolated value is dominated by very close
samples. As the power value rises, the interpolated
values will closely match the nearest sample point.
Conversely, a lower power value allows more distant
points to influence the result, producing a smoother
surface. This characteristic makes IDW sensitive
to the distribution of data, and if data points are
too sparse or unevenly distributed, it may lead to
inaccurate or misleading results.

If the observed values are v, where i=1,..., nat
locations pi:(Xi,Yi ) where i=1,...,n, then the value
at an unknown point u is given as:
_Xiawin _ 1

g(u) = H, WhET'EWi = m

Usually, the most preferred value of p for IDW
interpolation is 2, which has been considered and
used in this study.

Kriging Interpolation

Kriging is a spatial estimation technique that
considers the distance along variation between
known data points when predicting values in
unknown areas. This method is grounded in the
principles of geostatistics, which study the spatial
dependency of data®® models. In contrast to simpler
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approaches like Inverse Distance Weighted
Interpolation, Linear Regression, or Gaussian decay
models, Kriging relies on the spatial relationships
between the sample points to make predictions
across the area. It leverages the fact that nearby
locations tend to have more similar values than those
farther apart.?* This approach emphasizes actual
spatial arrangement of the data instead of relying
on a predefined distribution model. One of the
key advantages of Kriging is that it also provides
estimates of the uncertainty associated with each
predicted value, making it especially valuable in
fields that require quantifiable confidence in the
results, such as environmental science and resource
management.?

Recognized for its accuracy as an interpolator
and "optimal linear predictor," Kriging calculates
each predicted value by minimizing the error in the
estimate. The objective is to reduce the prediction
variance by considering both the known data and the
spatial correlation structure.?® For any given sampled
location, the observed value will match the predicted
value from Kriging, and all interpolated values are
regarded as the best linear unbiased estimates.
This optimality is achieved using weighted averages
based on spatial autocorrelation, which reflects how
spatial proximity influences the value of nearby
points. Kriging operates in two main steps: first, a
variogram is fitted to define the spatial covariance
structure of the sample points, which captures the
spatial variability of the data. The variogram helps
to quantify the degree of correlation between points
at different distances. Second, the weights derived
from this structure are applied to predict values at
unknown locations or areas within the spatial field,
ensuring that the interpolation accounts for the
inherent spatial patterns in the data.

Spatial Pseudo-Replication
Quasi-replication can be categorized into two types

* Terrestrial quasi-replication, which involves
repeated measurements from the same subject
or entity over time.

»  Space-related quasi-replication, which refers to
multiple measurements taken within a similar
spatial domain or region.

A significant challenge in pollution-related datasets
is "space-related quasi-replication," commonly
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referred to as spatial autocorrelation, a critical
concept in spatial statistics. Spatial autocorrelation
describes the degree of correlation between values
of a particular variable that arise due to their spatial
proximity on a two-dimensional plane, which violates
the assumption of spatial independence inherent
in classical statistical analysis.?® This phenomenon
is crucial because it acknowledges that the value
of a variable at one location can influence or be
influenced by neighboring locations, thus violating
the assumption of independence that is central to
most statistical models. Essentially, data points that
are geographically close to one another tend to be
more highly correlated, whereas those farther apart
exhibit lower correlation. This spatial dependence
can introduce bias into the results of conventional
statistical analyses.?® Areas with closely positioned
sampling points are termed hot spots, while regions
with fewer measurement points are known as cold
spots. Hot spots are densely sampled and often yield
abundant data, while cold spots are sparsely sampled
and more dispersed. Furthermore, observations from
hot spots are likely to exhibit high similarity because
they originate from nearly identical spatial locations,
often reflecting similar environmental conditions or
processes at those sites.

When neighboring data points exhibit similar values,
this suggests positive spatial autocorrelation,
indicating that similar environmental or spatial
factors are influencing the area. On the other hand,
significant differences between nearby observations
suggest negative spatial autocorrelation, often
indicating contrasting local conditions or processes.
Detecting spatial autocorrelation is crucial because
(a) it often suggests the presence of an underlying
spatial pattern that merits further analysis to identify
the causes of the observed spatial variability, such
as natural environmental gradients or anthropogenic
factors, and (b) it implies redundancy in the dataset,
which has important implications for the selection
of appropriate spatial analysis techniques and
methodologies. Redundancy due to spatial autocorr-
elation can also affect the precision of estimations
and the accuracy of predictive modelling, making it
essential to account for spatial dependence in data
analysis.

Variogram
A function that quantifies the relationship between
the distance and direction separating two locations is
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used to measure spatial dependence. This concept
is central to spatial statistics, where the degree of
similarity between observations is often influenced
by their relative positions. Spatial autocorrelation is
typically modelledusing a fundamental tool known
as the variogram. The variogram is defined as the
variance of the difference between two observations
at distinct spatial locations. This variance reflects
how much the values of a variable at one location
differ from those at another location as a function
of the spatial separation. In general, the variogram
increases as the distance between the locations
increases, indicating that spatial dependence
weakens as the distance grows. The variogram is
characterized by three key parameters: nugget, sill,
and range. The nugget represents the small-scale
variability or measurement error, often attributed to
very short-range spatial variations or observational
inaccuracies. The sill indicates the maximum value
the variogram reaches, representing the point at
which the spatial correlation is essentially zero
and beyond which increasing distance does not
significantly affect the variance. The range defines
the distance at which spatial correlation becomes
negligible, and the variables become essentially
independent. When the data is stationary (i.e.,
statistical properties do not change over space),
the variogram and the covariance function are
theoretically related. The covariance measures the
joint variability of the variables at two locations, and,
in a stationary setting, it is mathematically linked to
the variogram through a specific relationship known
as the semivariance, which is half the variance of the
difference between values at two locations. Under-
standing these relationships is essential for accurate
spatial modellingand interpolation.

The variogram describeshow rapidlyspatial
autocorrelation y(h) decreases as the distance h.

Here
1 2
y(h) = mlvz&:)(zi - Zj)

*  Nugget - small scale variation and measurement
error.

»  Sill - asymptotic value of y(h), as h— «.

* Range - the threshold distance beyond the data
are no longer correlated.
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The shape of a variogram must be asymptotic. If the
variogram does not asymptote, then it indicates that
the data is trended. For each combination of points
in the collected dataset, the semi-variance (which
measures half of the mean-squared difference
between their values) is computed and graphed
against the separation, referred to as the "lag,"
between them. The resulting graph of measured
semi-variance values is called the "empirical"
variogram, while the "theoretical" or "model"
variogram represents the statistical model that best
represents the observed distribution of the data.

Choice of Variogram Models

In spatial statistical analysis, estimating geographic
data at locations lacking direct measurements
depends on the parameters of a variogram model
that aligns with the observed dataset.?’” Several
variogram models can be considered, and the
accuracy of the generated spatial map significantly
hinges on selecting the most suitable model that
accurately captures the spatial characteristics of the
data. Although selecting a variogram model is often
based on user preference, statistical tools are
commonly used to identify the most likely parameter
Techniques such as quadratic error minimization,
maximum likelihood estimation, and Bayesian
inference are commonly utilized to identify the
optimal model fit.?¢2° Three different variogram
models, namely, the nugget effect, spherical and
exponential models are prevalent. The nugget
effect model is used for very small distances, the
spherical effect model is used for a continuous but
non-differentiable response variable, and the
exponential model is used for a continuous and
differentiable response variable. Furthermore, the
documentation of the gstatpackage in R suggests the
possibility of about 20 models, including Gaussian
and Matern.*® It was also suggested that despite the
twenty models existing in R, not all of them are useful.
However, in most cases, spherical, exponential and
Maternmodels are useful.

Since the data collected in this study is only one-
time, there is no significant assurance that the
response variables PM10, SOX and NOX are
Gaussian. Also, there is no sufficient information
for the Matérn model, which requires extra input
parameters in R. Since emission effects are pretty
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much localized, the spherical model is considered
the most suitable for this study.

Anisotropy

Since this is a study with pollutants, it is important
to explore whether there is a directional effect
in the intensity of pollution. If the sill varies with
direction, the process exhibits zonal anisotropy,
whereas if the range with direction it indicates
geometric anisotropy. In this study, the stations
where measurements have been taken, are
scattered, and therefore zonal anisotropy is more
of interest. Variograms in specific directions can
be calculated with the help of R software. North
Central Maharashtra holds a prominent place
in global tourismdue to its remarkable array of
attractions, such as the rock-cut caves and temples
in the mountain ravines of Ajanta and Ellora, the
formidable Daulatabad Fort, and historical sites like
the Bibi-ka-Magbara. The region under consideration
is situated at a latitude of 19°53'59" North and a
longitude of 75°20' East on the banks of the Kham
River, which is a tributary of the Godavari River.
It is 512 meters above sea level, nestled among
the extended hills of the Vindhya Range, with the
Kham River flowing through it. The region under
consideration covers a total land area of more
than 139 km?2. The temperature of the Marathwada
region is typically hot and dry. The average daily
temperature ranges from 28°C to 38°C. An average
annual rainfall of 734 mm occurs, while the relative
humidity is extremely low for most of the year,
ranging between 30% and 50%, but it peaks at 85%
to 90% during the monsoon season. The forested
area covers 557 km?, accounting for only 7.6% of
the total land area.North Central Maharashtra has
a diverse economy with activities spanning various
industries, tourism, education, and employment
services.Rapid industrialization and urbanization
have led to significant changes in the both physical
development and population growth there has been
a significant change in the physical growth and
population. Current data reveals that the population
of the region is around 1.2 million. There are
numerous industrial and public units (small, medium,
and large scale), residential areas, and public
gardens, contributing to its dynamic urban landscape.
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Fig. 1: Methodological Framework for Air Quality
Assessment in North Central Maharashtra

There is some arbitrary development of industrial
sectors along the periphery of the south-western part
of the region. Various automobiles, winery, chemical
and pharmaceutical industries are functional in the
industrial area, which can be primarily associated
with air pollution. There are around 70 industry units,
distilleries, breweries and electroplating industries.
The Shendra MIDC, a new developing area, is 15 km
away from Chhatrapati Sambhajinager and spans
600 hectares. The Railway Station MIDC, within
AMC limits, covers 200 hectares and consists of
many small, old, and sick industries. Chikalthana
MIDC, also within AMC, covers 400 hectares and
is an old industrial area. Waluj MIDC, located 12
km from the city, is a major industrial area covering
1500 hectares. A significant portion of carcinogens
air pollutants is emitted dueto inadequate solvent
recovery facilities and excessive solvent usage the
improper facilities for solvent recovery in excess
usage of solvent. A few preventive measures,
such as increased efficiency of solvent recovery



WANJULE & MANGULKAR, Curr. World Environ., Vol. 20(2) 589-619 (2025)

from 91% to 95%.and installation ofan evaporator
for treatingspent wash, was initiated, thereby
reducing the volume of spent wash requiring further
treatment. The pharmaceutical industry, particularly
is not counted under the ‘dirty’ class of industry
as compared to many other industries.®" Still the
expansion of this sector brings in newer challenges in
controlling and preventing air pollution. The pharma-
ceutical industry releases Carbon monoxide,
Nitrogen oxide, PM, , Sulphur dioxide, volatile organic
compounds, acid gases, fugitive emissions from
pumps, solvent vapors, odiferous gases resulting
from fermentation processes, and extraction solvent
vapors.®*? The Methodological Framework for Air
Quality Assessment in North Central Maharashtra
used in the present work is presented as figure 1.0.

(@) PM10-IDW (b)
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Results and Discussions

The high-resolution temporal variability and highlight
short-term fluctuations in air quality in one week
werestudied. The specific week chosen for detailed
analysis, from 12 March 2023 to 23 March 2023,
provided a snapshot of the spatial distribution of
key pollutants and their concentrations, offering
insights into the immediate impacts of local emission
sources and meteorological conditions. This focused
examination helped to identify acute pollution
events and their sources, thereby complementing
the broader, long-term trends observed over the
two years.

SoX-1DwW

Fig. 2: Spatial distribution of the (a) PM,,, (b) SO,, (c) NO,, (d) AQI and (e) PM2.5 (Sentinel-5P)
from 12 March 2022 to 23 March 2022 in the North Central Region of Maharashtra.

Figure 2.0 illustrates the spatial distribution of various
air quality parameters recorded by the Sentinel-5P
satellite from 12 March 2023 to 23 March 2023
in the North Central Region of Maharashtra. The
parameters included PM,, SO,, NO,, Air quality
index (AQl), and PM2.5 concentrations. Each map
used an Inverse Distance Weighting (IDW) interpo-
lation method to represent the concentrations of
these pollutants across the region. IDW interpolation
method was applied to spatially represent pollutant
concentrations, including SO,, NO,, PM™, PM, ., and
Aerosol Index (Al) across the region. IDW was chosen

for its ability to estimate values at unsampled
locations by giving higher weights to nearer data
points, ensuring a more accurate representation
of local variations in pollutant levels. This method
allowed for the creation of continuous pollution maps,
which are essential for visualizing spatial patterns
and understanding the distribution of air quality
across the study area. The spatial distribution of PM,
showed several high-concentration hotspots, with
values exceeding 140 ug/m?. These locations were
primarily located in urban and industrial areas.
This indicated significant emissions from vehicular
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traffic, industrial activities, and construction dust.
In contrast, areas with lower PM, concentrations
(20 to 60 pg/m?) were typically rural or less densely
populated regions with lower emissions. The
S0, concentration map revealed relatively lower
overall concentrations compared to PM,, with the
highest levels (up to 8 pg/m?)in localized industrial
zones, elevated concentration of sulfur dioxide
(80,) emissions from the combustion of fossil fuel
in power plants and factories. Most of the region
exhibited lower SO, levels (0 to 4 pg/m?), indicating
lesser factories. The NO, concentration map
showed a distribution pattern like that of PM,,,
with high-concentration areas (up t0180 pg/m?) in
urban and industrial regions, indicative of emissions
from vehicular exhaust and industrial processes.
Lower NO, concentrations (20 to 60 pg/m?®) were
predominantly in rural areas with minimal traffic
and industrial activities. The AQI map, integrating
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multiple pollutant concentrations, highlighted regions
with poor air quality (AQI values exceeding 140),
consistent with PM,  and NO, hotspots. Areas with
AQI values between 20 and 70 corresponded to
regions with relatively better air quality, typically rural
or less industrialized. The PM, , distribution closely
mirrored that of PM,,, with high concentrations
(up to 140 pg/m?®) in urban and industrial regions,
posing significant health risks due to the fine
particulate matter's ability to penetrate deeper into
the respiratory system. Lower PM, , concentrations
(20 to 60 pg/m?3) were generally found in rural areas
with limited sources of fine particulate matter. The
correlation between the PM,, and PM,, maps
suggested that similar sources contributed to both
size fractions. Elevated levels of NO, and SO, in
specific areas indicated localized pollution sources,
such as traffic congestion and industrial emissions.
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Fig. 3.1: Spatial Distribution of SO, Concentrations in Chhatrapati Sambhajinagar
for 2021 and 2022
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Fig. 3.4: Spatial Distribution of PM2.5 Concentrations in Chhatrapati Sambhajinagar
for 2021 and 2022

The analysis of spline interpolation maps Figures
3.1, 3.2, 3.3 and 3.4 for SO,, NO,, and PM,, over
the Chhatrapati Sambhajinagar region from 2021
to 2022 revealed an alarming trend of increasing
air pollution levels. The data highlighted the impact
of industrial activities, vehicular emissions, and
construction on air quality. The spline interpolation
imagesunderscored an alarming increase in air
pollutant concentrations across the Chhatrapati
Sambhajinagar region from 2021 to 2022. Each
pollutant—SO,, NO,, and PM,,—showed a
significant rise in concentration levels and an
expansion in the spatial extent of high-concentration
areas. The increase in SO, levels, especially in
the central and western regions, was likely due to
intensified industrial activities, vehicular emissions,
and possible changes in fuel types or combustion
efficiency. The central region's rise in SO, levels
may have indicated either the diffusion of pollutants
or the introduction of new pollution sources,
exacerbated by westerly winds carrying emissions
from industrial areas.The broader spatial increase
in NO, concentrations suggested heightened
vehicular emissions and industrial activities. The
spread towards northern and eastern parts indicated
either a shift in pollution sources or an increase in
local activities contributing to NO, emissions, with

prevailing wind directions playing a significant role
in dispersing these pollutants. The substantial rise
in PM,, levels, especially in central and western
parts, pointed to increased construction activities,
vehicular emissions, and potentially agricultural
practices contributing to particulate matter pollution.
Wind patterns significantly contributed to the wide
distribution of PM, j across the region.

The spline interpolation images revealed a significant
spatial distribution of NOx concentrations for the
years 2021 and 2022. As seen in figure 2.1 the
largest area coverage, characterized by NOx range
of concentration 128.35-174.60 pyg/m?, was found
to span approximately 635.69 km?, accounting for
42.86% of the total study area. This moderate class
concentration predominantly affected most of the
region. The high-value NOx class, with concentrations
ranging from >249.10 to 362.57 ug/m?, was observed
to cover about 93.48 km? or 6.30% of the area. The
moderately low range of concentration 89.82-128.35
pg/m® was found to cover 391.84 km? (26.42% of
the area). The moderately high concentration range
of 174.60-249.10 pg/m? encompassed 140.61 km?
(9.48% of the area). The low concentration range of
23.51-89.81 pg/m?, covering 14.93% of the study
area, was found in certain other regions. These
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areas were largely impacted by mixed land-use
patterns, Encompassing both commercial and
residential areas as wellas regions eith, heavy
traffic flow.

The spatial analysis of PM, ; concentrations indicated
that the highest concentration range (203.99-422.42
pg/m?3) was localized in certain districts, covering a
minimal area of about 22.90 km? (1.54%) (Figure 6.2).
In contrast, the lowest range of concentration (22.82—
43.05 pg/m?®) was found to cover 30.05% of the
area. The moderately high range of concentration
(116.07—-203.99 pg/m?) was observed in most of the
regions, accounting for about 5.22% of the total area.
The classes of PM,,, moderately low and moderate
concentration classes with ranges of 43.05-69.87
pg/m® and 69.87-116.07 pug/m? respectively, were
found to collectively cover 63.18% of the area, with
648.62 km? (43.74%) under the moderately low
class and 288.39 km? (19.44%) under the moderate
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class. Notably, approximately 25% of the area had
PM,, levels exceeding the NAAQS permissible limit
of 100 ug/m? for a 24-hour average. The spatial
distribution of PM,  indicated that the moderately
low concentration range (156.75-198.71 ug/m?)
covered 627.34 km? or 42.30% of the total area.
This range predominantly affected most of the
region (Image 6.3). The moderate concentration
range (198.71-253.43 pg/m?) spanned 133.33 km?2.
The low concentration range (52.78-156.75 ug/
m?) was found over 549.17 km? (37.03%). The
moderately high concentration class (7.48% of the
total area) was observed in certain areas, while the
high concentration class, covering about 4.19% of the
area, was found in others. Notably, except for
marginal areas (approximately 3% of the total
area), PM, ; concentrations surpassed the limit for
the annual and 24-hour average ambient air quality
standards.
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Fig. 4: SO, Levels in Chhatrapati Sambhaji Nagar region (2022-2023): In Situ & Satellite Data
(Residential/Industrial)

Sulfur Dioxide (SO,)
Sulfur dioxide (SO,) is a significant air pollutant known
for its harmful impacts on both the environment and

human health.®* Emitted primarily from industrial
processes and the burning of fossil fuels, SO,
contributes to acid rain, respiratory problems, and



WANJULE & MANGULKAR, Curr. World Environ., Vol. 20(2) 589-619 (2025)

various other ecological and health issues.®* SO,
can adversely affect sensitive groups, such as the
young, elderly, and those with asthma, even at low
levels, making real-time monitoring essential. The
burning of coal produces large amounts of SO,
pollutants. The brick-making industry is largely
associated with SO, emission. This emission mainly
results from the combustion of sulphur-containing
fuels such as coal or other fossil fuels, commonly
used in the brick kilns.® Figure no. 4 represents
the SO, Levels in the Chhatrapati Sambhaji Nagar
region for two consecutive years, 2022 and 2023.
The data is presented for in situ and satellite data in
residential as well as industrial areas. The analysis
of the SO, concentration graph reveals significant
seasonal variation. Across both years of data, SO,
levels were observed to be higher during the colder
months (November to February) and lower in the
warmer months (May to August). This seasonal trend
was consistent in residential as well as industrial
areas. The elevated SO, concentrations during
the colder months can be attributed to increased
heating activities, which result in higher emissions
of SO,. Conversely, during the warmer months, the
reduced need for heating, potentially lower industrial
activity, and enhanced atmospheric dispersion likely
contribute to the lower SO, levels. The proximity
to industrial zones and the level of urbanization
significantly influence the observed SO, levels. The
data consistently showed higher SO, concentrations
in industrial areas compared to residential areas. For
instance, in January 2022, in situ measurements
recorded SO, concentrations of 22.82 pg/m?® in
industrial areas, whereas residential areas recorded
17.58 pg/m3. This trend was mirrored in satellite
data, with Sentinel-5P and OMI/Aura showing similar
differences between industrial and residential areas.

A persistent difference in SO, concentrations
between residential and industrial areas was also
vivid in the graph. This disparity is also evident
in satellite data, underscoring the significant
contribution of industrial activities to SO, emissions
and the resultant air quality degradation in these
regions. Both in situ measurements and satellite data
provide valuable insights into SO, concentrations,
each with distinct characteristics and utilities. In situ
data offered high spatial and temporal resolution
at specific locations, allowing for direct and highly
accurate measurements. However, this approach
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has limited spatial coverage and requires extensive
ground-based infrastructure and maintenance. In
contrast, satellite data, including that from Sentinel-
5P and OMI/Aura, offered wide spatial coverage,
making it useful for monitoring large areas and
remote or inaccessible regions. While satellite
data has a lower spatial resolution compared to in
situ measurements and can be affected by cloud
cover and atmospheric conditions, it remains
crucial for broad-scale air quality monitoring.The
Sentinel-5P and OMI/Aura satellites both contribute
significantly to SO, monitoring, though they have
different strengths and limitations. Sentinel-5P,
with its higher spatial resolution, provided more
detailed observations, which were valuable for
analysing localized pollution sources. Its more recent
technology also suggests potential improvements
in sensitivity and accuracy. However, it might have
a slightly lower temporal resolution compared to
OMI/Aura. OMI/Aura possesses potentially higher
temporal resolution,allowingfor more frequent
observations. Its lower spatial resolution compared
to Sentinel-5P was indicative of the fact that it
provided less detailed spatial information.*

A comparison of SO, levels in January 2022 and
January 2023 revealed relative stability in residential
areas, with a slight increase from 17.58 pg/m?® to
17.94 pg/m? in situ. In industrial areas, there was a
slight decrease from 22.82 pg/m? to 22.3 pg/m?® in
situ. Satellite data from Sentinel-5P and OMI/Aura
also reflected these trends, with minor variations.
Monthly trends indicated that SO, levels peak
during the colder months and reach their lowest
levels during the warmer months. Industrial areas
maintain higher SO, concentrations compared to
residential areas throughout the year. Satellite data
generally showed slightly lower SO, concentrations
than in situ measurements, likely due to the spatial
averaging inherent in satellite observations.
However, both Sentinel-5P and OMI/Aura provided
trends consistent with in situ measurements,
affirming their reliability for broader spatial analysis.
The SO, concentration data highlighted significant
seasonal variations, geographical differences, and
discrepancies between residential and industrial
areas. In situ and satellite data were both crucial for
comprehensive air quality monitoring. Sentinel-5P's
higher spatial resolution provided finer detail, while
OMI/Aura's extended data record offers valuable
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long-term insights. Combining these results in a more
robust understanding of SO, pollution patterns was
essential for developing effective mitigation
strategies.

Temperature, humidity, wind speed, wind direction,
rain, andevaporation are critical meteorological
parameters. In the research study, the weather
data were obtained from the India Meteorological
Department website.*” It releases daily weather
variables for all the districts of all states of India.
Conducting both Pearson and Spearman's correlation
analyses was essential to understand the relation-
ships between SO, concentration in the air and
various meteorological parameters. In a residential
area, the Pearson analysis revealed a weak, non-
significant positive correlation with wind speed (r=.27,
P = .20) and strong, significant correlations with
average relative humidity (r=-.83, P =.00), average
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precipitation (r=-.62, P=.00), and average temperature
(r= .69, P = .00). Spearman's analysis supported
these findings, showing a non-significant positive
correlation with wind speed (rs =0.18, P = 0.40889)
and significant correlations with average relative
humidity (r,=-0.89, P <0.001), average precipitation
(r, = -0.62, P = 0.00), and average temperature
(r, = 0.51, P = 0.01). In an industrial area, the
Pearson analysis showed a weak, non-significant
positive correlation with wind speed (r= .22,
P = 0.30) and strong, significant correlations with
average relative humidity (r=-.83, P <.00), average
precipitation (r= -.60, P = .00), and average
temperature (r= .65, P =.00). These results highlighted
the critical impact of weather patterns on SO, pollution,
with significant negative associations observed
with humidity and precipitation, and positive
associations with temperature, in both residential
and industrial areas.
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Fig. 5: NO, Levels in Chhatrapati Sambhaji Nagar region (2022-2023):
In Situ & Satellite Data (Residential/Industrial)

Nitrogen Dioxide (NO,)
Nitrogen dioxide (NO,) is a harmful air pollutant that
impacts both the environment and human health.383°

It contributes to ozone and particulate matter
formation and can directly affect the respiratory
system upon inhalation. This makes monitoring NO,
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concentrations very crucial to understand its impact
and develop control strategies. Figure 5 presented
a comparison of NO, pollution levels in Chhatrapati
Sambhaji Nagar across two years (2022 and 2023).
The data is categorized by measurement approach
(in situ and satellite) and location type (residential and
industrial areas). This allows for a comprehensive
examination of NO, variations over time and space.
It is revealed by the NO, concentration data that a
clear connection exists between seasons and air
quality. NO, concentrations display pronounced
seasonal and monthly variations. The patterns of
NO, levels are influenced by the time of year.*
Winter months (December to February) are shown to
be the period with the highest NO, levels. Residential
areas reach peaks as high as 55.23 yg/m?in January
2023, while industrial zones are shown to soar
even higher, reaching 67.32 ug/m?® during the same
month. A combination of factors likely contributes
to these elevated winter concentrations. Increased
heating demands during colder months could
lead to a rise in emissions from fuel combustion
for residential heating. Additionally, winter often
brings about temperature inversions, which are
then observed to trap pollutants near the ground
and hinder their dispersion into the atmosphere.
This stagnant air further exacerbates the problem.
Conversely, summer months (June to August)
witness a dramatic drop in NO, levels, with residential
areas dipping as low as 34.23 pug/m? in August
2022 and industrial areas reaching 45.12 pg/m?3.
The rainy season, coinciding with the summer
months, likely plays a significant role in this decline
through the washout effect of rainfall, effectively
cleansing the air of pollutants. Examination of NO,
concentrations reveals a striking geographical
disparity. Population density contributes to NO,
emissions, still, industrialization was a greater cause
due to the high-temperature combustion processes
involved in many industrial activities.*' Industrial
zones are consistently shown to demonstrate
significantly higher levels compared to residential
areas.*? This pattern is corroborated by both in
situ and satellite measurements. For instance, in
January 2022, in situ measurements revealed 65.34
pg/m? in industrial areas, compared to 54.23 ug/
m? in residential areas. Similar discrepancies are
observed in satellite data, with Sentinel-5P showing
62.15 pg/m?for industrial zones and 47.12 pg/m? for
residential areas. This disparity can most likely be
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attributed to the concentrated presence of industrial
activities, heavy traffic, and other localized sources
of NO, emissions that are more prevalent in industrial
zones.®

The need to use multiple satellite datasets to improve
the accuracy and study the human health effects of
NO2 exposures was reported by Zhongyu Huang
et al.* It was also revealed that both in situ and
satellite data play crucial roles in monitoring NO,
concentrations, with their strengths and limitations.*®
In situ measurements offer the advantage of
high spatial and temporal resolution for specific
locations. This allows for highly accurate and
direct measurements, providing valuable insights
into localized variations in NO, levels. However,
a significant drawback of in situ measurements
is their limited spatial coverage.*® The uneven
distribution of ground-based monitoring stations
could introduce errors in representing overall air
quality.44 Extensive ground-based infrastructure
is required for widespread data collection, making
it challenging to monitor large or remote areas.
Satellite data, on the other hand, was shown to
offer a wider spatial coverage, making it a valuable
tool for monitoring NO2 concentrations across
vast regions, including remote and inaccessible
areas. This is particularly beneficial for areas
where establishing in situ monitoring stations might
be impractical. However, satellite data presented
NO2 concentrations that are slightly lower than
in situ measurements. This discrepancy is likely
due to the inherent spatial averaging that occurs
during satellite observations. While a satellite can
measure NO, levels over a large area, it cannot
capture the fine-grained variations that might exist
within that area. Sentinel-5P data, for example,
while offering high spatial resolution compared to
other satellite sources, might still underestimate
NO, concentrations compared to highly localisedin
situ measurements. A detailed analysis of the data
reveals significant year-over-year and seasonal
changes in NO, concentrations. This suggested the
fact that there was a potential rise in NO, emissions
over time, highlighting the need for stricter regulations
or cleaner technologies. Furthermore, the overall
percentage change across the seasons indicated
substantial variations. Winter months experience
increased by up to 20% compared to summer
months. This reinforces the earlier observation that
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seasonal factors significantly impact NO, levels.
Additionally, the data consistently shows that
industrial areas maintain higher NO, concentrations
throughout the year compared to residential areas,
highlighting the persistent influence of localized
emission sources in these zones. Interestingly,
satellite data, despite showing generally lower
values than in situ measurements, aligns well with
the observed trends. This convergence strengthens
the case for using satellite data as a reliable tool for
monitoring broad-scale air quality patterns. Satellite
data inherently has drawbacks compared to in situ
data collections, such as significant data gaps
caused by cloud cover or other retrieval limitations.*

The relationships between NO, concentration in the
air and various meteorological parameters in both
residential and industrial areas wereanalysed with
the help of Pearson and Spearman's Rho correlation
analyses. In residential areas, the Pearson analysis
revealed strong, significant negative correlations
with wind speed (r= -.74, P = .00), average relative
humidity (r=-.69, P = 0.00), and average precipitation
(r=-.86, P <.00), but a weak, non-significant negative
correlation with average temperature (r= -.15,
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P=.47). Thesefindings were supported by Spearman's
Rho analysis, which showed similar significant
negative correlations for wind speed (rs =-.75, P=.00),
average relative humidity (rs = -.65, P = .00),
and average precipitation (rs =-.92, P <0.00), with a
non-significant negative correlation for average
temperature (rs = -.18, P = .41). In industrial areas,
the Pearson analysis also revealed strong, significant
negative correlations with wind speed (r=-.75, P =.00),
average relative humidity (r= -.68, P = .00), and
average precipitation (r=-.85, P <.00001), and a poor,
non-significant negative correlation with average
temperature (r=-.17,P=.44). Spearman's Rho analysis
confirmed these findings, showing significant
negative correlations for wind speed (rs = -.75,
P =.00), average relative humidity (rs =-0.65, P=0.00),
and average precipitation (rs = -.92, P < 0.00), with
a non-significant negative correlation for average
temperature (rs = -.18, P = .39). Negative
associations of NO, concentration were observed
with wind speed, relative humidity, and precipitation,
and non-significant associations with temperature,
in both residential and industrial areas.
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PM,

PM1Z air pollution has a detrimental impact on human
health, contributing to a multitude of diseases.
Studies have demonstrated that increased levels
of PM, , and PM,; can lead to the onset of various
diseases, including lung cancer,*® asthma,*°
pneumonia,®® hypertension,® Alzheimer’s,*? and
Parkinson’s disease.?® As evident from Figure 6, the
PM,, concentration data revealed significant
seasonal variations, geographical differences, and
discrepancies between residential and industrial
areas. Both in situ and satellite data were essential
for comprehensive air quality monitoring, each
offering unique advantages. The effectiveness
comparison of the satellite and ground-based
measurements forsensing air pollutants and their
health hazards was recently carried out by Mushtaq
et al.%* Sentinel-5 P's higher spatial resolution
provided finer detail, while OMI/Aura's extended
data record offered valuable long-term insights.
Combining these data sources resulted in a more
robust understanding of PM, pollution patterns,
which was critical for developing effective mitigation
strategies. In situ residential measurements showed
PM,, concentrations peaking at 87 ug/m?in January
2023, while in situ industrial measurements reached
as high as 108 pg/m?® during the same month. This
seasonal trend was also reflected in satellite data,
with Sentinel-5P recording 85 pg/m?® and 106 ug/
m? for residential and industrial areas, respectively,
in January 2023 and OMI/Aura showing similar
values. The winter peaks could be attributed to
increased heating activities, stagnant air conditions
due to temperature inversions, and possibly
increased emissions from both residential heating
and industrial processes. Conversely, the lower
summer and rainy season levels, with residential in
situ measurements dropping to 68 pug/m? in August
2022, were likely explained by better atmospheric
dispersion and the washout effect of rain.

Geographical factors significantly influenced PM,
concentrations, with notable differences observed
between residential and industrial areas. Industrial
areas consistently showed higher PM, levels
compared to residential areas. For instance, in
January 2022, in situ measurements recorded 105
pg/m? in industrial areas compared to 85 pg/m?
in residential areas. This pattern was mirrored in
satellite data, with Sentinel-5P recording 104 pg/
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m? for industrial areas and 82 ug/m? for residential
areas during the same month. These differences
were likely due to higher emissions from industrial
activities, including manufacturing processes,
heavy traffic, and other localized sources of
PM,, in industrial zones. The data highlighted a
significant difference in PM,  concentrations between
residential and industrial areas. Industrial areas
consistently showed higher PM,; levels across
all months and data sources. This difference was
particularly pronounced during the winter months.
For example, in January 2023, industrial areas
recorded 108 ug/m?® in situ compared to 87 pug/m?
in residential areas. Satellite data from Sentinel-
5P and OMI/Aura also showed higher PM, levels
in industrial areas, underscoring the impact of
industrial emissions. Residential areas, while having
lower PM,, concentrations, still exhibited significant
levels likely due to traffic emissions and household
activities such as cooking and heating.

Both in situ and satellite data were crucial for
monitoring PM, ; concentrations, each offering unique
advantages and limitations. In situ measurements
provided high spatial and temporal resolution at
specific locations, allowing for direct and highly
accurate assessments. However, these measure-
ments were limited in spatial coverage and required
extensive ground-based infrastructure. Satellite
data, including that from Sentinel-5P and OMI/
Aura, offered wide spatial coverage, making them
invaluable for monitoring large areas, including
remote and inaccessible regions. However,
satellite data typically showed slightly lower PM,
concentrations compared to in situ measurements
due to the spatial averaging inherent in satellite
observations. For instance, in January 2023, in situ
residential data recorded 87 pg/m?, while Sentinel-
5P and OMI/Aura recorded 85 pg/m® and 84 ug/
m3, respectively. The Sentinel-5P and OMI/Aura
satellites both significantly contributed to PM,
monitoring, each with distinct benefits. Sentinel-5P,
with its higher spatial resolution, provided more
detailed observations that were crucial for identifying
localized pollution sources. However, it may have
had a slightly lower temporal resolution compared
to OMI/Aura. OMI/Aura, with its longer operational
history, offered a more extended time series of data,
which was invaluable for long-term trend analysis.
It also potentially offered higher temporal resolution,
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allowing for more frequent observations. Despite
their differences, satellite data showed consistent
trends within situ data, which further validated their
utility in air quality monitoring.

Assignificant seasonal and year-over-year change in
PM,, concentrations was observed. From January
2022 to January 2023, there was an approximate
increase of 2.4% in residential areas (from 85 pg/m?
to 87 pg/m?®) and 2.9% in industrial areas (from 105
pg/m?to 108 pg/m?). The overall percentage change
across seasons indicated substantial variations,
with winter months experiencing increases of up to
25% compared to summer months. This seasonal
fluctuation highlightedthe importance of considering
temporal changes when assessing air quality.
Consistently higher PM, ; concentration was observed
in industrial area as compared to residential area
throughout the year. Satellite data showed slightly
lower PM, ; concentrations than in situ measurements
but aligned well with the observed trends, confirming
the reliability of satellite observations for broad-
scale air quality monitoring. The observed seasonal
dependency and trend seemto be a global
phenomenon influnced by seasonal variations in
emissions and physical factors such as boundary
layer height, 10-meter wind gusts, surface solar
radiation, total cloud cover, wind divergence, sea
level pressure, and precipitation.5-%" A higher
boundary layer and stronger surface wind gusts
facilitate the rapid dispersion of PM, . Cloud cover
and precipitation suggest that PM,  dispersion
is less efficient during the April to September
period. PM,, concentrations were lower during this
period compared to other seasons. One possible
reason for the lower PM,  concentrations is the
frequent convective activities during this season.®®
Early rainy season in this region causes frequent
precipitation which helps wash out PM,;, reducing
its concentration. In winter, atmospheric conditions
favour PM,, dispersion; wind gusts are strongest,
wind divergence is highest, and sea level
pressure is elevated. These conditions support the
dispersion of locally produced PM10. Despite these
favourable conditions for horizontal dispersion, PM,,
concentrations were higher than the annual average
in winter. This indicates that the rise in PM, levels
duringwinter was mainly driven by human activities
rather than atmospheric factors.%”
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The Fluctuations in PM10 levels concentration in the
air and various meteorological parameters in both
residential and industrial areas was also correlated.
In residential areas, the Pearson analysis revealed a
weak, non-significant negative correlation with wind
speed (r= -0.11, P = 0.60) and strong, significant
negative correlations with average relative humidity
(r=-0.93, P <0.00) and average precipitation (r=-0.91,
P < 0.00). A moderate positive correlation with
average temperature (r= 0.58, P = 0.00) was
also observed. These findings were supported by
Spearman's Rho analysis, which showed a non-
significant negative correlation with wind speed
(rs = -0.13, P = 0.55) and significant negative
correlations with average relative humidity (rs =-0.94,
P <0.00)and average precipitation (rs=-0.77,P=0.00).
A significant positive correlation with average
temperature (rs = 0.45, P=0.027) was also observed.
In industrial areas, the Pearson analysis indicated
significant negative correlations with wind speed (r=
-0.67, P =0.00), average relative humidity (r=-0.76,
P=0.00), and average precipitation (r=-0.91, P <0.00),
while a weak, non-significant negative correlation
with average temperature (r= -0.04, P = 0.86) was
observed. These results were confirmed by
Spearman's Rho analysis, which showed significant
negative correlations with wind speed (rs = -0.72,
P = 0.00007), average relative humidity (rs = -0.68,
P=0.00),andaverage precipitation (rs=-0.93, P<0.00).
A non-significant negative correlation with average
temperature (rs = -0.15, P = 0.48) was also noted.
In both residential and industrial areas, significant
negative associations were observed with relative
humidity and precipitation, highlighting their roles in
reducing PM, j concentrations. Wind speed exhibited
a significant negative correlation in industrial areas
but not in residential areas, suggesting variability in
the dispersion of pollutants. Average temperature
showed a significant positive correlation in residential
areas but not in industrial areas, indicating complex
interactions between temperature and PM,  levels.

Calculating the PM, ./PM,  ratio helps researchers
and policymakers understand the respective role
of fine and coarse particles in contributing to air
pollution. This ratio provides insights into the sources
and characteristics of aerosol pollution, which can
guide effective control measures and inform public
health strategies. By evaluating the ratio of fine



WANJULE & MANGULKAR, Curr. World Environ., Vol. 20(2) 589-619 (2025)

particles (PM, ) to coarse particles (PM, ), it can
be better understood whether pollution primarily
originates from natural sources or human activities.
This understanding is crucial for developing targeted
interventions to reduce air pollution and mitigate
its impacts on health and the environment. Coarse
particles in the atmosphere can be removed
relatively quickly through processes like dry and wet
deposition, while fine particles linger longer, making
them more challenging to manage.

Thus, understanding the proportion of fine particles
(PM, ) relative to coarse particles (PM, ) is crucial for
effective air pollution control. This ratio, PM, /PM,,
offers valuable insights into the nature of aerosol
pollution, its sources, and its effects on health and
the environment.

A reduced PM, /PM, ratio suggests that coarse
particles are more prevalent, often linked to natural

sources. In contrast, a higher ratio indicates a
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greater influence from human activities. Typically,
PM, /PM,; ratios range between 0.25 and 0.67.
Various factors, including surface types, human
activities, and weather conditions, can affect these
ratios, leading to significant spatial and temporal
variations. Seasonal changes in the PM, /PM,
ratio do not always mirror those of PM,, and PM,
levels. For instance, the highest PM, ./PM,  ratios
are observed in winter, while the lowest occur in
April and May. This seasonal dip in the ratio during
spring is often linked to increased dust, which raises
PM,, levels. From April to October, the PM, /PM,
ratio remains relatively stable, around 0.55 in 2021
and 0.5 in 2022, indicating a slight increase in
2022 but overall stability in the monthly variations.
Across most monitoring stations, the highest PM, ./
PM,, ratios are seen in winter, primarily due to poor
meteorological conditions for particle dispersion.
Higher winter humidity can cause particles to absorb
moisture and increase the proportion of fine particles.
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Fig. 7: SOx concentration inverse distance weighting, Kriging interpolation and Spline
interpolation in Chhatrapati Sambhaji Nagar region

Inverse Distance Weightage (IDW), Kriging and
Spline Analysis

IDW map, Kriging map, and spline map of SOx
concentration are presented in figure 7. The use
of IDW for SOx concentration mapping, although
effective for identifying localized hotspots, can result
in overemphasis on specific monitoring stations. The
IDW method displays SOx concentration ranging
from 4.67 to 12.3 pg/m3. Higher concentrations
are found primarily in the central and southern
regions of Aurangabad, with hotspots around Kranti

Chowk (12.27 pg/m?), Pundlik Nagar (11.66 pg/
m?3), and Kanchanwadi (11.95 yg/m?). The IDW
map reflects localized high SOx concentrations
near the monitoring stations. The influence of each
station's data point is heavily reflected, leading to
strong gradients near stations like Kranti Chowk
and Pundlik Nagar. IDW tends to overemphasize
the stations' influence, which can sometimes lead
to overestimated concentrations near observation
points. The highest concentration of SOx (over
10.8 pg/m?) is found in the central region of the city,
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extending from Akashwani Chowk to Kanchanwadi,
as well as smaller patches in the southern areas.

The Kriging method revealed the concentration range
of 6.95 to 10.3 pg/m?3, providing a more balanced
representation of air pollution in Aurangabad, which
is slightly lower than the maximum concentration
found in IDW. Kriging smoothens the data, leading to
a more gradual change in SOx levels across the city.
Kriging interpolation provides a more continuous and
balanced representation of SOx distribution across
the city, minimizing the sharp transitions found in
the IDW method. Central and southern regions still
exhibit higher SOx levels, but the transitions between
high and low concentrations are more gradual and
spread over larger areas. SOx concentrations are
highest in the southern parts of the city, with values
between 9.63 and 10.3 pg/m?. This covers areas
like Kranti Chowk and Pundlik Nagar, though the
concentration in other regions is lower than that
shown in IDW.

The Spline method results in highly unrealistic
values, with SOx concentrations ranging from -36.7
to 193 ug/m?. The presence of negative values, which
are physically impossible for pollutant concentration,
suggests that this method is inappropriate for this
dataset. Spline interpolation exhibits extreme
values and exaggerated variations across the city.
While the central part of the city shows reasonable
concentrations, the method introduces unusually
high values in the western part of the city (even in
areas without nearby observation points), which
does not match the field data. Although some high
SOx concentrations are visible in the central zone
and southern parts of the city, the western areas
show extremely high values (up to 193 ug/m?) that
do not align with the field data, making this method
unreliable for SOx mapping.

The Kriging method provides the most balanced
and reliable interpolation for SOx concentrations.
It smoothens the transitions between data points,
leading to a more realistic spatial distribution
without overemphasizing the influence of specific
stations. The absence of extreme or unrealistic
values makes Kriging the most appropriate method
for this dataset. While IDW accurately reflects
localized concentrations, it tends to overestimate
SOx levels near the monitoring stations, leading to
a more fragmented spatial distribution. The method

is useful for identifying hotspots, but it may not be
suitable for capturing overall trends in the region. The
Spline method is not suitable for this dataset due to
the unrealistic and erroneous values it generates.
The presence of negative SOx concentrations and
extreme highs in areas without observation data
indicates poor model fit. Both IDW and Kriging
show higher SOx concentrations in the central zone
and southern parts of the city, particularly around
Kranti Chowk, Pundlik Nagar, and Kanchanwadi.
However, Kriging provides a smoother and more
continuous spatial distribution, capturing broader
trends more effectively. Spline introduces errors
with unrealistic values in the western part of the city,
where no monitoring stations are located, making
its output unreliable. The IDW method shows the
highest concentrations of SOx (up to 12.3 pg/m?),
followed by Kriging (up to 10.3 ug/m?3), while Spline
generates implausible values (up to 193 pg/m?3). This
suggests that Kriging is the most reliable method,
offering a more realistic assessment of SOx pollution
distribution.

The IDW method shows NOx concentrations
ranging from 2.51 to 21.8 yg/m3. The highest
NOx concentrations are found in the central part
of the city, particularly around the Maulana Azad
College station (21.85 pg/m?®), which is a hotspot.
The IDW interpolation shows a clear influence of
local monitoring stations. The highest values of
NOx are concentrated in central locations, and
the spatial distribution shows strong localized
hotspots with sharp transitions between high and
low concentrations. This results from the method’s
emphasis on nearby data points. The highest
concentrations are found around Maulana Azad
College, Little Flower School, and City Chowk
Police Station. These areas experience NOXx
concentrations exceeding 18 pg/m*, making them
key hotspots for air pollution.

NOx Concentration

Kriging shows a similar concentration range, with
values from 2.52 to 21.7 ug/m?3. The concentration
patterns are smoother compared to IDW, with a
gradual transition between zones of high and low
NOx levels. Kriging offers a more balanced spatial
distribution, with smoother transitions between
areas of varying concentrations. The Maulana
Azad College region still stands out as a key
hotspot for NOx pollution, but the spread of higher
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concentrations extends more evenly to surrounding
areas, providing a more generalized view of NOx
distribution across the city. Similar to IDW, the highest
NOx concentrations are found around Maulana Azad
College and the central part of the city. However,
the Kriging method shows a more extended area of
elevated NOx levels. NOx Concentration: The Spline
method shows a much wider and unrealistic range
of NOx concentrations, from -42.8 to 117 pg/m?3.
The presence of negative values makes this method
inappropriate for air quality data, as it leads to
physically impossible results. Spatial Distribution:
The Spline interpolation map presents extreme
values and sharp gradients that do not align with
the field data. The highest NOx concentrations are
in the north-western part of the city, far from known
monitoring stations, indicating that this method is

e e reasoy rewTE

612

not capturing the true distribution of NOx pollution.
The extreme and unrealistic concentrations shown
by the Spline method, particularly in the northwest,
are inconsistent with the field data and suggest that
the method is not suitable for this analysis.

Kriging provides the most reliable interpolation
method for this dataset, offering a smooth and
balanced representation of NOx concentrations
across the city. It reduces the influence of extreme
values, leading to a more generalized yet accurate
depiction of air pollution. IDW: IDW is effective for
capturing localized hotspots of NOx pollution but
may exaggerate the influence of individual stations,
leading to sharper transitions and more isolated
zones of high pollution.
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Fig. 8: NOx concentration inverse distance weighting, Kriging interpolation and Spline
interpolation in Chhatrapati Sambhaji Nagar region

The Spline method produces unrealistic and
erroneous values (including negative concentrations),
making it unsuitable for air quality mapping in this
case. Both IDW and Kriging show the highest NOx
concentrations in the central part of Aurangabad,
particularly around Maulana Azad College, Little
Flower School, and City Chowk Police Station.
Kriging provides a smoother transition, suggesting
that high NOx levels are spread more evenly over
a larger area, whereas IDW emphasizes more
localized hotspots. Spline shows extreme values
and patterns that do not align with real-world
observations, making it unreliable for understanding

the spatial trends of NOx pollution. The IDW
method shows the highest NOx concentrations,
reaching 21.8 pg/m?®, while Kriging reaches up to
21.7 pg/m?, with a more generalized spread. Spline
produces extreme and unrealistic values (up to 117
pg/m3), which are not consistent with the actual
data. IDW maps, Kriging map, Spline map for NOx
concentration arepresented in figure 8.

IDW has been commonly used in air pollution
studies to provide an interpolated surface based on
localized ground measurements.®® The IDW map
shows a concentration of PM,  values ranging from
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40.3 to 211 pg/m3. IDW tends to overemphasize
nearby measurements, creating sharp transitions
between zones. The highest PM10 concentration
is observed in the central zone and southern parts
of the city, particularly around the Akashwani Chowk
and Kranti Chowk stations, where levels exceed 178
pg/me. IDW emphasizes the influence of nearby
points more strongly, leading to a high concentration
of PM,; around specific monitoring stations (like
Kranti Chowk). However, the interpolation method
shows fewer smooth transitions between zones,
as it directly reflects the influence of nearby points.
Central and south-central parts of the city show the
highest PM,  values, with a hotspot around the Kranti
Chowk region.

PM10 Concentration: Kriging is well-regarded for its
ability to generate smoother and more continuous
spatial distributions.®® The Kriging map displays a
PM' concentration ranging from 80.1 to 120 pg/m?,
which seems lower than the IDW results. The spatial
distribution is more uniform, with gradual transitions
between different zones. The method is especially
useful in minimizing the effect of extreme values,
leading to a more generalized, reliable estimate.
Kriging is more advanced in estimating values in
areas with no data points, making it useful for
capturing the general trend across the city. It reduces
the influence of extreme values observed in IDW and
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provides a smoother, more continuous representation
of PM, dispersion. The highest PM,  concentrations
are found in the central city area, with a smoother
transition to lower values in the northern and
southern parts. The Akashwani Chowk and Kranti
Chowk areas again stand out as pollution hotspots,
but the overall spread of high PM10 values extends
further.

The Spline method presents an unusual result,
with PM, values ranging from -365 to 1140 ug/mq.
The negative values are physically unrealistic
and suggest that the Spline interpolation is not
appropriate for this dataset. Spline interpolation,
although occasionally used for environmental data,
can result in physically unrealistic values when
applied to air quality data. Spatial Distribution:
Spline interpolation appears to create exaggerated
fluctuations in PM,, values, especially in areas
without nearby data points, leading to unrealistic
gradients. The high concentration zone in the
northern parts of the map is inconsistent with the
monitoring station data, indicating this method's
poor fit for this dataset. Despite the errors, high PM, |
levels are still concentrated in the central parts of
the city, particularly around Akashwani Chowk and
Kranti Chowk. However, the extreme values seen in
the north do not align with the field data and suggest
inaccuracies in the method's output.
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Fig. 9: PM,; concentration inverse distance weighting, Kriging interpolation and Spline
interpolation in Chhatrapati Sambhaji Nagar region

The Kriging method provides the most reliable spatial
distribution of PM,  levels due to its ability to minimize
the effect of extreme values while ensuring a smooth,

continuous representation of the data. It balances
interpolation accuracy and realistic representation,
making it the most suitable method for PM,;
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mapping in this case. While IDW effectively captures
localized hotspots around monitoring stations, it may
overemphasize the impact of individual stations,
leading to sharp transitions between zones. It is
useful for a more localized assessment but may not
capture the broader trends as effectively as Kriging.
The unrealistic values (negative PM,  concentrations
and extreme highs) generated by the Spline method
indicate that it is not a suitable method for this
dataset. The spline's tendency to create unrealistic
fluctuations makes it less reliable for air quality
assessments like PM,; mapping.

Both IDW and Kriging identify central regions
(Akashwani Chowk and Kranti Chowk) as areas
of concern with higher PM, | concentrations. Kriging
offers a smoother transition and indicates a broader
spread of pollution, while IDW creates more localized
hotspots. Spline, while consistent in showing
concentrations high in the central zone of the city,
presents errors and unrealistic values, making its
results unreliable. The IDW method shows the
highest PM,; concentrations (up to 211 ug/m?),
followed by Kriging (up to 120 yg/m?), and Spline
presents implausibly high values (up to 1140 pg/m?).
This suggests that Kriging offers a more balanced
and realistic assessment of PM,, distribution, while
IDW may overestimate concentrations around
specific points.IDW map, Kriging map, spline map
of PM10 concentration are presented in figure 9.
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The IDW method revealed the PM 2.5 concentrations
ranging from 7.11 to 280 pg/m3. The highest
concentrations are noted around Sutgirni Chowk
(280 pg/m?) and Shivaji Chowk, Shivaji Nagar (260
pg/m3), reflecting high pollution levels in these
areas. Spatial Distribution method emphasizes the
influence of individual monitoring stations, leading
to localized high-concentration areas. This can
result in sharp transitions between zones of high
and low concentrations, particularly evident near
major roads and industrial areas. The highest PM,
concentrations are in the central and south-western
parts of the city, highlighting these regions as major
hotspots for air pollution. PM, . Concentration:
Kriging results show a more balanced distribution,
with concentrations ranging from 13.1 to 244 pg/m?®.
This method smoothens the extreme values seen
in IDW, providing a more continuous spatial
distribution. Kriging offers a smoothed overview,
reducing the impact of isolated high readings
and providing a more uniform pollution map. The
gradients between high and low concentrations are
more gradual, indicating a broader area of influence
for each station. The central regions, especially
around Shivaji Chowk and Sutgirni Chowk, still
exhibit higher PM, . levels but the transition
between different concentration zones is less abrupt
compared to IDW.
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Fig. 10: PM, , concentration inverse distance weighting, Kriging interpolation and Spline
interpolation in Chhatrapati Sambhaji Nagar region

The Spline method displays a broad range of
concentrations, from -228 to 558 pg/m?. This method
produces some unrealistic negative values, indicating

that it may not be appropriate for this dataset. Spatial
Distribution: Spline creates a smooth gradient across
the city but tends to exaggerate the concentration
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extremes, particularly on the edges of the map
where no data points exist. This method seems to
interpolate beyond realistic bounds, suggesting less
reliability for this type of environmental data. Despite
generating some extreme and unrealistic values,
high concentrations are again noticed in central
Aurangabad, with exaggerated peaks compared
to actual monitoring data. IDW map, Kriging map,
Spline map for PM 2.5 concentration are presented
in figure.10

Kriging provided a balanced and realistic assessment
of PM2.5 distribution, smoothing out the anomalies
and providing a map that likely better reflects the
average air quality conditions across the city. While
effective at highlighting specific hotspots, it might
overemphasize the pollution levels directly around
the monitoring stations, potentially skewing public
perception and policy focus. The splineapproach
was not suitable for this dataset as it introduces
unrealistic extremes, making it unreliable for
practical air quality assessment and management.
Both IDW and Kriging identify central Aurangabad as
a significant concern for PM, . pollution, with specific
attention needed on the areas around major traffic
junctions and industrial zones. Spline exaggerates
the spatial extent and severity of pollution, which
could mislead decision-making processes related
to air quality management. IDW method shows
the highest pollution levels but may not accurately
represent the broader city-wide air quality. Kriging
suggests high levels but with a more moderate max
value, potentially offering a more accurate picture
of widespread pollution levels. Spline provides an
exaggerated perspective, with both the lowest and
highest extremes, highlighting its unsuitability.

Conclusion

In this experimental study,we employed in situ
and satellite data collection for two years to
investigate major pollutants in the Northwest region
of Marathwada. The findings revealed an annual
increase in pollutant levels, with ambient air quality
parameters alarmingly close to, if not exceeding,
the permissible limits of NAAQ standards. Statistical
correlation analysis validated the integration
of remote sensing technologies with ground-
based measurements for effective air quality
monitoring.The negligible difference in pollutant
levels between residential and industrial areas
suggested significant contributions from traffic
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emissions, local commercial activities, construction
or demolition activities, waste management
failures, and regional atmospheric conditions.
This underscores the need for comprehensive
air quality management strategies that address
multiple pollution sources beyond industrial
activities. Anthropogenic activities, including ever-
increasing industrialization, urbanization, and
vehicular pollution, negatively impact environmental
pollution concentrations. A significant dependency
of air pollutants on meteorological factors was also
recorded. The economic and health implications
of air pollution are alarming, necessitating a
strategic plan with mitigation strategies to promote
sustainability.
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