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ABSTRACT

This study presents a multi-year satellite-based assessment of atmospheric pollution over Singrauli, Madhya Pradesh,

India’s largest coal-industrial cluster using Sentinel-5P (TROPOMI) retrievals for 2019–2024. Concentrations of CO,

NO₂, SO₂, O₃, HCHO, Cloud Fraction, UV Aerosol Absorbing Index (UV-AAI), and surface solar irradiance (NASA

POWER) were analysed using Google Earth Engine (GEE), with spatial visualization performed in ArcGIS Pro. The study

characterizes seasonal behaviour, identifies persistent emission hotspots, quantifies long-term pollutant trends, and explores

pollutant interdependencies in a critically polluted industrial region. Results indicate strong winter and post-monsoon

enhancement of CO, NO₂, and SO₂, attributed to suppressed boundary-layer mixing and intensified coal combustion,

while O₃ and HCHO peaked during pre-monsoon under elevated photochemical activity driven by high solar irradiance.

Industrial hotspots were consistently identified over Anpara, Vindhyachal, Renusagar, and the Mahan thermal power plant

zones. Mann–Kendall trend analysis indicated gradual, non-significant directional tendencies (p > 0.05) toward increasing

CO, SO₂, and O₃, alongside slight NO₂ reductions. Spearman correlation revealed strong combustion-linked coupling

(CO–NO₂ ρ = 0.78; NO₂–SO₂ ρ = 0.72), photochemical associations (Solar–O₃ ρ = 0.75; Solar–HCHO ρ = 0.61), and

cloud-mediated suppression of UV-AAI and O₃. The Sentinel-5P and GEE framework demonstrates a scalable, cost-effective

approach applicable to data-scarce industrial regions, supporting National CleanAir Programme (NCAP)-aligned air quality
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1. Introduction

The World Health Organization (WHO) reports that air

pollution contributes to more than 7 million premature deaths

annually, positioning it among the most critical global envi-

ronmental health threats [1]. India faces a rapidly intensifying

pollution burden driven by industrial expansion, power gener-

ation, urbanization, and increasing energy consumption [2–4].

Ground-based monitoring studies from central Indian urban-

industrial environments confirm that coal-dominated and

industrially active regions in Madhya Pradesh exhibit pro-

nounced seasonal variability in SO₂, NO₂, CO, and particu-

late concentrations, with consistently higher pollutant levels

at industrial sites compared to residential zones and signifi-

cantly elevated winter concentrations due to meteorological

stagnation [5,6]. These emissions degrade ambient air quality,

alter atmospheric chemistry, intensify climate forcing, and

elevate respiratory and cardiovascular disease risk [7–9]. Key

trace gases like CO, HCHO, NO₂, SO₂, and O₃ play dom-

inant roles in atmospheric oxidation pathways, secondary

particulate formation, tropospheric chemistry, and radiative

forcing [10,11]. The UVAerosol Absorbing Index (UV-AAI),

indicative of absorbing aerosols such as black carbon and

mineral dust, further influences atmospheric heating, visi-

bility, and boundary-layer stability [12–14]. Solar irradiance

forms the energy foundation for atmospheric photochemistry,

governing radical generation, NO₂ photolysis, Volatile Or-

ganic Compounds (VOC) oxidation, and ozone formation.

High solar flux accelerates oxidative reactions and enhances

O₃–HCHO build-up, particularly during pre-monsoon sea-

sons when temperatures are elevated, and sky conditions

are clear [15,16]. In contrast, cloud cover significantly reduces

photolysis rates, slows ozone generation, and allows accumu-

lation of primary combustion gases [17,18]. Incorporating solar

irradiance into pollutant assessment is therefore critical for

decoding secondary formation behaviour and seasonal chem-

istry in coal-industrial clusters [19,20]. India currently hosts

more than 132 non-attainment cities exceeding National Am-

bient Air Quality Standards (NAAQS) thresholds [21,22]. Sin-

grauli, straddling the Madhya Pradesh–Uttar Pradesh bound-

ary, is recognized as the Energy Capital of India, owing to its

dense concentration of thermal power stations, open-cast coal

mines, and heavy industry [23–25]. The region houses National

Thermal Power Corporation Limited (NTPC) Vindhyachal,

Anpara, Renusagar, Mahan, and Northern Coalfields Limited

(NCL) mining blocks, emitting large volumes of SO₂, NO₂,

CO, fly-ash particulates, and dust aerosol [26–29]. Despite its

industrial magnitude, long-term atmospheric characteriza-

tion of Singrauli remains limited compared to metropolitan

centres such as Delhi, Mumbai, and Kolkata. Sparse ground

stations and lack of spatial continuity necessitate satellite-

based assessment [30,31] Singrauli was selected over other

Indian coal clusters including Korba, Jharia, and Dhanbad

for three specific reasons. First, it hosts the highest spatial

concentration of coal-based thermal power capacity within

a single administrative district in India, including NTPC

Vindhyachal, India’s largest thermal power station. Second,

it carries a Comprehensive Environmental Pollution Index

(CEPI) score exceeding 70, classifying it as one of India’s

most critically polluted industrial areas [32–34]. Third, long-

term multi-parameter satellite-based atmospheric assessment

of Singrauli at six-year resolution integrating solar irradi-

ance for photochemical analysis, remains entirely absent

from the published literature, representing a clear and unad-

dressed research gap. Ambient air quality monitoring studies

from comparable central Indian industrial settings confirm

that coal-dominated environments exhibit pronounced sea-

sonal pollutant variability driven by both meteorological

and emission-related controls. Sentinel-5P TROPOMI offers

high-resolution retrievals of key trace gases at 7 × 3.5 km2

spatial resolution. When integrated with Google Earth En-

gine (GEE), it enables multi-year time-series processing, spa-

tiotemporal mapping, trend detection, and statistical analysis

at regional to urban scales [35–38]. Prior Sentinel-5P studies in

India document pronounced winter stagnation peaks in NO₂

and SO₂ and monsoonal wash-out declines [39,40], while coal

belts such as Korba and Dhanbad exhibit industrial emission

dominance. However, comparable multi-year evaluations for
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Singrauli remain scarce, underscoring the need for detailed

spatiotemporal and photochemical assessments to support

NCAP intervention and industrial governance.

Despite growing literature on Indian industrial air qual-

ity using Sentinel-5P, existing studies predominantly focus on

single-pollutant or short-duration analyses over metropolitan

centres or generalized regional domains [41]. Multi-parameter,

multi-year TROPOMI assessments targeting a critically pol-

luted coal-industrial cluster at district level integrating solar

irradiance to decode photochemical interactions and applying

both trend and correlation analysis simultaneously are absent

for Singrauli. Furthermore, the coupling of combustion-

origin primary pollutants (CO, NO₂, SO₂) with photochemi-

cally derived secondary species (O₃, HCHO) using Spearman

rank correlation alongside Mann–Kendall trend analysis has

not been previously reported for this region. Episodic air

quality events including festival-related pollution spikes and

crop residue burning further compound baseline industrial

pollution in central India [42–44], underscoring the need for

continuous long-term satellite-based monitoring. This study

directly addresses these gaps. The objectives of this study

are: (i) to analyse spatiotemporal and seasonal variations of

CO, HCHO, NO₂, SO₂, O₃, Cloud Fraction, and UV-AAI

over Singrauli (2019–2024) using Sentinel-5P; (ii) to detect

long-term pollutant trends using the Mann–Kendall (MK)

test; and (iii) to examine emission coupling and photochemi-

cal linkages through Spearman rank correlation with solar

irradiance integration.

2. Study Area

Singrauli district is situated in the south-eastern region

ofMadhya Pradesh, India, extending from 23.84° N to 24.42°

N latitude and 81.48° E to 82.85° E longitude, encompass-

ing approximately 5,675 km2 of urban centres, mining sites,

forested terrain, and industrial zones [45]. The district lies in

the northern Son River basin, bordered by Sidhi district to the

west and Sonbhadra (Uttar Pradesh) to the northeast. Topo-

graphically, Singrauli is characterized by undulating terrain

comprising plateaus, plains, and low hills, with elevation

ranging from 300 to 500 m above mean sea level, condi-

tions that generate micro-meteorological effects influencing

pollutant dispersion and boundary layer dynamics. The re-

gion experiences a sub-tropical monsoon climate with four

meteorologically distinct seasons: pre-monsoon (March–

May), monsoon (June–September), post-monsoon (October–

November), and winter (December–February), as defined

by the India Meteorological Department [46]. Mean annual

rainfall is approximately 1,100 mm, with 80–85% occurring

during the southwest monsoon. Mean temperature ranges

from 23 °C in winter to 32 °C in summer, with prevailing

wind directions shifting from southwest in summer to north-

east in winter, a pattern that significantly modulates pollutant

transport pathways and seasonal accumulation (Figure 1).

Figure 1. Location map of the Singrauli district showing administrative boundaries.
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Singrauli represents one of India’s largest industrial

and mining clusters. The area hosts NTPC Vindhyachal,

NTPC Singrauli, Mahan, Anpara, and Renusagar thermal

power plants, along with NCL mining operations and alu-

minium and cement industries. These sources contribute

significantly to SO₂, NO₂, CO, and particulate matter emis-

sion. The Central Pollution Control Board (CPCB) and

National Green Tribunal (NGT) have identified Singrauli

as a critically polluted area, with CEPI scores exceeding

70. Limited vegetation cover and geographic confinement

further hinder pollutant dispersion, especially during win-

ter and post-monsoon, resulting in persistent ground-level

concentration build-up [47].

3. Data and Methodology

3.1. Data Source and Pre-Processing

This study utilizes Sentinel-5P TROPOMI satellite

data for the period 2019–2024, processed on the Google

Earth Engine (GEE) platform. Sentinel-5P, launched by

the European Space Agency (ESA) in 2017, carries the

Tropospheric Monitoring Instrument (TROPOMI), which

measures atmospheric trace gases and aerosols at a spa-

tial resolution of 7 × 3.5 km2. The selected parameters

include Cloud Fraction, CO, HCHO, NO₂, O₃, SO₂, and UV

Aerosol Absorbing Index (UV-AAI). Corresponding Level-

3 OFFL products were retrieved with a Quality Assurance

(QA) threshold > 0.75 to ensure data reliability. The QA >

0.75 threshold applied uniformly across all TROPOMI prod-

ucts follows ESA operational recommendations for NO₂,

CO, and HCHO retrievals. While ESA documentation rec-

ommends QA> 0.50 for anthropogenic SO₂ source detection,

a sensitivity test applying this lower threshold for SO₂ in the

present dataset confirmed no material change in seasonal

concentration patterns or Mann–Kendall trend directions,

supporting the robustness of the uniform threshold for this

regional-scale analysis. This approach is consistent with

comparable multi-parameter TROPOMI studies over Indian

industrial regions. Furthermore, TROPOMI’s spatial reso-

lution improved from 7 × 3.5 km2 to 5.5 × 3.5 km2 for most

products after 6August 2019; since all analyses involve tem-

poral aggregation to monthly and seasonal composites at

the district level, this resolution change does not materially

affect the spatiotemporal results or trend directions reported

in this study. Surface shortwave downward irradiance was

sourced from NASA POWER. Datasets were temporally

averaged per season and year, and spatially subset over

Singrauli using polygon boundaries from the Global Admin-

istrative Database (GADM). GEE’s Python API was used to

filter, mosaic, and extract data layers, with temporal means

and standard deviations computed for monthly and seasonal

composites. Specifically, daily Level-3 OFFLproducts were

temporally aggregated to monthly means using GEE’s built-

in temporal averaging functions. Observations failing the

QA > 0.75 threshold were excluded prior to aggregation; no

gap-filling or spatial interpolation was applied to missing

retrievals. Seasonal averages were subsequently computed

from the resulting monthly means, grouped according to

IMD seasonal classification. Following QA > 0.75 filtering,

the average number of valid daily observations per month

ranged from approximately 18–25 during monsoon months,

when cloud contamination was highest, to 22–28 during

dry-season months, consistent with TROPOMI’s near-daily

revisit frequency over central India [48] (Figure 2 and Ta-

ble 1).

3.2. Seasonal Classification

Following IMD guidelines, data were classified into

four seasons: (1) Pre-monsoon (March–May) dominated

by high temperature and strong solar convection; (2) Mon-

soon (June–September) wet, cloudy period with maximum

rainfall and effective wet scavenging; (3) Post-monsoon

(October–November) transitional phase with moderate hu-

midity and stabilizing boundary layers; and (4) Winter

(December–February) cool and dry, characterized by tem-

perature inversions and weak vertical mixing favouring pol-

lutant accumulation. These seasonal divisions were applied

consistently across all parameters to capture intra-annual

variability and the influence of meteorological forcing on

pollution dynamics.
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Figure 2. Flowchart of data acquisition, filtering, processing, and export workflow implemented on Google Earth Engine.

Table 1. Satellite-derived atmospheric and radiative parameters used in this study, along with their product identifiers, units, and primary

data sources.

Parameter Satellite Product ID Unit Primary Source

Cloud Fraction S5P_OFFL_L3_CLOUD — ESATROPOMI

CO S5P_OFFL_L3_CO mol m⁻2 ESATROPOMI

HCHO S5P_OFFL_L3_HCHO mol m⁻2 ESATROPOMI

NO₂ S5P_OFFL_L3_NO2 mol m⁻2 ESATROPOMI

O₃ S5P_OFFL_L3_O3 mol m⁻2 ESATROPOMI

SO₂ S5P_OFFL_L3_SO2 mol m⁻2 ESATROPOMI

UV-AAI S5P_OFFL_L3_AER_AI ESATROPOMI

Surface shortwave downward irradiance MJ/m2/day NASA POWER

3.3. Mann–Kendall Trend Analysis

The Mann–Kendall (MK) non-parametric test was ap-

plied to identify monotonic trends in pollutant concentrations

for each parameter over 2019–2024. The MK statistic (S)

and standardized test statistic (Z) were calculated as shown

in the formula below. A positive Z denotes an increasing

trend, and a negative Z indicates a decreasing trend. Sta-

tistical significance was assessed at α = 0.05. The MK test

was selected for its robustness against non-normal distribu-

tions and seasonal data structures, making it well-suited for

satellite-derived environmental time series [49].

S =
n−1∑
i=1

n∑
j=i+1

sgn(xj − xi), {0
S−1√
V ar(S)

S+1√
V ar(S)

S > 0; S = 0; S < 0

3.4. Correlation Analysis

Spearman’s rank correlation coefficient (ρ) was calcu-

lated to evaluate interdependencies among pollutants and

solar irradiance, as expressed in the formula below, where di

represents the difference between ranks of paired observa-

tions and n is the number of data points. Coefficient magni-

tudes were interpreted as strong (>0.7), moderate (0.4–0.7),

or weak (<0.4). Spearman’s method was preferred over Pear-

son’s correlation given the non-Gaussian and seasonally strat-

ified nature of the data [50,51].

ρ = 1− 6
∑

d21
n(n2 − 1)

3.5. Data Limitations and Uncertainty

This study relies entirely on satellite-derived

TROPOMI retrievals and NASA POWER solar radiation

data without direct validation against ground-based air

quality measurements. The absence of long-term, publicly

accessible CPCB continuous monitoring data at the required

temporal resolution for Singrauli precluded direct ground-

truth comparison. Satellite-derived seasonal concentration

patterns are, however, broadly consistent with published
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ground-observation-based studies from comparable cen-

tral Indian coal-industrial environments. Satellite-derived

concentrations represent tropospheric column densities and

should not be interpreted as equivalent to ground-level

surface concentrations, particularly in complex industrial

terrain with heterogeneous emission plumes and variable

boundary-layer heights. TROPOMI vertical column densi-

ties are sensitive to aerosol loading, cloud contamination,

surface albedo, and boundary-layer mixing, which may in-

troduce systematic biases in heavily polluted environments

such as Singrauli. The QA > 0.75 threshold applied across

all products follows ESA TROPOMI operational recom-

mendations [52], and a sensitivity test using QA > 0.50 for

SO₂ confirmed no material change in seasonal patterns or

trend directions. Hotspot identification was based on visual

interpretation of seasonal composite maps and comparative

zonal analysis of pixel concentration distributions between

industrial and non-industrial zones; no formal spatial clus-

tering algorithm was applied. Meteorological parameters,

including wind speed, wind direction, relative humidity, tem-

perature inversion, and planetary boundary layer height, were

not directly incorporated, and their influence on pollutant

transport is inferred from established literature rather than

directly quantified. These limitations should be addressed in

future work through integration of ERA5 reanalysis mete-

orological inputs, formal spatial clustering algorithms and

plant-level emission inventory datasets.

4. Results

4.1. Seasonal Variations

4.1.1. Carbon Monoxide (CO)

Monthly mean CO concentrations over Singrauli ex-

hibited a well-defined seasonal pattern, with peak values

during winter and minimum concentrations during mon-

soon months. Across 2019–2024, the highest mean CO was

recorded in January (0.04464 mol/m2) and the lowest in

August (0.03504 mol/m2). Winter maxima correspond to

enhanced fossil fuel combustion, suppressed boundary layer

height, and temperature inversions restricting vertical mix-

ing. Monsoon months exhibited efficient wet scavenging

and advection of cleaner air masses, reducing concentrations

substantially. Standard deviation was highest during winter

(≈0.0012), reflecting variable coal-based emissions, while

June–September recorded the lowest variability (~0.00035),

indicating stable atmospheric CO dynamics [53,54] (Figure

3).

Figure 3. Seasonal composite maps of carbon monoxide (CO) concentration over Singrauli from 2019 to 2024.

4.1.2. Formaldehyde (HCHO)

Monthly HCHO values revealed pronounced photo-

chemical variability, with elevated concentrations during

pre-monsoon and reduced levels during monsoon and winter.

The maximummonthly mean was recorded inApril (0.00022

mol/m2) and the minimum in August (0.00011 mol/m2). En-

hanced pre-monsoon HCHO coincides with increased solar

radiation andVOCoxidation, promoting secondary formalde-

hyde formation. Standard deviation was highest between

March and May (~0.00006), reflecting strong photochemical

variability, whereas monsoon months exhibited low vari-

ability (~0.00002), consistent with reduced radiation and

enhanced atmospheric cleansing (Figure 4).

4.1.3. Nitrogen Dioxide (NO₂)

NO₂ concentrations demonstrated pronounced seasonal

variability typical of combustion-related pollutants. The

highest monthly mean was recorded in December (0.00030

mol/m2) and the lowest in July (0.00016 mol/m2). Ele-

vated wintertime NO₂ is attributed to thermal power plant

operations, domestic heating, and reduced dispersion under
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low mixing heights. Monsoon months exhibited the lowest

concentrations as precipitation-induced washout and photo-

chemical reduction dominate. Standard deviation peaked

in January (0.00005), indicating heterogeneous emission

sources, while the monsoon season recorded minimal vari-

ability (≈0.00002) (Figure 5).

Figure 4. Seasonal composite maps of formaldehyde (HCHO) concentration over Singrauli from 2019 to 2024.

Figure 5. Seasonal composite maps of nitrogen dioxide (NO₂) concentration over Singrauli from 2019 to 2024.

4.1.4. Sulphur Dioxide (SO₂)

Monthly SO₂ patterns followed a bimodal distribu-

tion, peaking during winter and post-monsoon and declining

sharply during monsoon. The highest monthly mean was

recorded in December (0.00104 mol/m2) and the lowest in

July (0.00055 mol/m2). Winter enhancement is associated

with coal-based power generation, industrial combustion,

and atmospheric stagnation, while monsoonal rainfall fa-

cilitates sulphate conversion and wet deposition. Standard

deviation was greatest in January–February (≈0.00025), in-

dicating temporal variation from fluctuating power station

emissions, with minimal variability during June–September

(~0.00007) (Figure 6).

Figure 6. Seasonal composite maps of sulfur dioxide (SO₂) concentration over Singrauli from 2019 to 2024.

4.1.5. Ozone (O₃)

Monthly O₃ exhibited photochemically driven variabil-

ity, with maximum concentrations during the pre-monsoon

and minimum during winter. The highest mean was recorded

in April (0.130 mol/m2) and the lowest in January (0.108

mol/m2). Elevated O₃ in pre-monsoon corresponds to in-

tensified solar insolation and active VOC–NOₓ photochem-

istry [55], whereas the winter decline reflects reduced photo-

chemical activity and limited precursor mixing. Standard

deviation was highest in April–May (~0.015) and lowest in

July–August (~0.005), consistent with reduced radiation and

moisture-driven scavenging (Figure 7).
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Figure 7. Seasonal composite maps of ozone (O₃) concentration over Singrauli from 2019 to 2024.

4.1.6. Cloud Fraction

Cloud Fraction demonstrated clear seasonal oscillation,

with a pronounced peak during monsoon and minimal values

during winter. The highest monthly mean was recorded in

July (0.622) and the lowest in January (0.106). Increased

cloudiness during June–September corresponds to southwest

monsoon inflow, while dry-season suppression of convec-

tion results in reduced cloud coverage. Elevated cloud cover

during monsoon directly attenuated UV penetration, reduced

photolysis rates, and suppressed secondary pollutant forma-

tion, particularly O₃ and HCHO (Figure 8).

Figure 8. Seasonal composite maps of Cloud Fraction over Singrauli from 2019 to 2024.

4.1.7. UVAerosol Absorbing Index (UV-AAI)

UV-AAI showed an inverse response to cloudiness,

with enhanced absorbing aerosol loads (~−0.34) over west-

ern and southern industrial corridors during pre-monsoon

and winter. Coal processing zones, overburden dust fields,

and transport routes contributed to consistently high aerosol

absorption signatures. Monsoon washout reduced UV-AAI

substantially (<−1.0), confirming strong rainfall-aided scav-

enging. The seasonal pattern of UV-AAI is closely aligned

with Cloud Fraction dynamics, confirming the dominant me-

teorological regulation of aerosol loading (Figure 9).

Figure 9. Seasonal composite maps of UVAerosol Absorbing Index (UV-AAI) over Singrauli from 2019 to 2024.

4.1.8. Solar Radiation

Surface shortwave downward irradiance (ALL-

SKY_SFC_SW_DWN) from NASA POWER demonstrated

pronounced seasonal variability over Singrauli, with maxi-

mum values during pre-monsoon (April–June) under clear-

sky, low-moisture conditions and minimum values during

8



Journal of Atmospheric Science Research | Volume 09 | Issue 03 | July 2026

monsoon (June–September) due to persistent cloud cover,

elevated water vapour, and particulate-induced solar attenua-

tion. Spatially, higher irradiance over eastern and northern

open belts coincided with elevated O₃ and HCHO concen-

trations, confirming direct radiative control on secondary

atmospheric chemistry, wherein increased photon flux ac-

celerates VOC oxidation, NO₂ photolysis, and tropospheric

ozone generation. The strong Solar–O₃ (ρ = 0.75) and

Solar–HCHO (ρ = 0.61) correlations further validate solar

irradiance as the primary driver of photochemical reactivity

across Singrauli’s energy-industrial landscape.

4.2. Spatial Distribution

Hotspot identification in this study was based on visual

interpretation of seasonal composite maps and comparative

zonal analysis of pixel-level concentration distributions be-

tween the southern industrial belt and northern rural zones

of Singrauli. Zonal mean concentrations for the identified

industrial and non-industrial areas are reported in the follow-

ing analysis. No formal spatial clustering algorithm (e.g.,

Getis-Ord or Moran’s I) was applied, and this is acknowl-

edged as a methodological limitation. Plant-level emission

inventory data were not available at the required tempo-

ral resolution; their integration is recommended in future

work to strengthen spatial attribution of industrial emission

sources. Spatial analysis of Sentinel-5P-derived parameters

across Singrauli revealed distinct intra-regional heterogene-

ity strongly aligned with land use configuration, emission

density, industrial clustering, and seasonal meteorology. CO

exhibited notable hotspots over the southern and central in-

dustrial belt, particularly surrounding NTPC Vindhyachal,

Mahan, Anpara, and Renusagar, with values frequently ex-

ceeding ≥0.043 mol/m2 during winter and post-monsoon un-

der stable boundary layers. Peripheral northern zones such

as Deosar and Chitrangi maintained comparatively lower

levels (<0.036 mol/m2), benefiting from reduced emissions

and stronger atmospheric dilution. NO₂ showed persistent

peaks >0.00028 mol/m2 around power plant zones, driven by

continuous coal firing and stack emissions, especially during

winter under suppressed mixing. Northern vegetated uplands

remained consistently clean (~0.00016 mol/m2), reflecting

limited combustion activity. SO₂ was highly localized to

south-eastern and southern power clusters, with concentra-

tions ≥0.0010 mol/m2 occurring predominantly in winter

and pre-monsoon under dry, stagnant atmospheric condi-

tions. North-western forest-buffered terrain sustained lower

SO₂ (<0.0006 mol/m2), indicating natural scavenging and

minimal industrial intrusion (Figure 10).

Figure 10. Interannual monthly variability of CO, HCHO, NO₂, and SO₂ over Singrauli for the period 2019–2024.
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O₃ displayed a reversed spatial gradient relative to

primary pollutants. Higher ozone (~0.130 mol/m2) per-

sisted in northern and north eastern rural sectors driven by

sunlight-enhanced photochemistry and downwind precursor

transport, while industrial hot-zones exhibited suppressed

ozone (<0.110 mol/m2) due to NO-driven titration, a classi-

cal ozone scavenging reaction [56] (O₃ + NO → NO₂ + O₂).

HCHO distribution closely resembled that of ozone, with

enhanced values (0.00020–0.00022 mol/m2) in eastern and

north-eastern peri-urban landscapes, reflecting VOC oxida-

tion under strong radiation during pre-monsoon. Solar irra-

diance demonstrated spatial alignment with O₃ and HCHO

patterns, with maximum irradiance during April–June over

open eastern and northern belts, confirming direct radiative

control on secondary atmospheric chemistry [57,58] (Figure

11).

Figure 11. Interannual monthly variability of O₃, Cloud Fraction, UV-AAI and Solar Intensity over Singrauli for the period 2019–2024.

4.3. Mann–Kendall Trend Analysis

The MK trend test applied to monthly pollutant data

from 2019 to 2024 identified directionally coherent but statis-

tically non-significant tendencies (p > 0.05 for all parameters;

n = 6 annual seasonal means per parameter) across all param-

eters; these should be interpreted as indicative directional

patterns only and not as confirmed monotonic trends [59], as

shown in the following figures.

CO showed increasing tendencies in June and Septem-

ber (Tau = 0.60; p = 0.086), suggesting gradual accumu-

lation during transitional monsoon months under reduced

dispersion and increased fuel consumption. The Sen’s slope

estimator for CO during June–September indicates an incre-

mental increase of approximately +0.0003 mol/m2/year (n =

6; Tau = 0.60; p = 0.086). SO₂ displayed the strongest direc-

tional tendency with Sen’s slope of approximately +0.00008

mol/m2/year inApril–May (n = 6; Tau = 0.78; p = 0.086). O₃

showed a Sen’s slope of approximately +0.003 mol/m2/year

in May–June (n = 6; Tau = 0.60; p = 0.133). NO₂ presented a

Sen’s slope of approximately −0.000015 mol/m2/year during

monsoon months (n = 6; Tau = −0.60; p = 0.220). All trends

remain below the α = 0.05 significance threshold and must

be interpreted as directional tendencies only, not statistically

confirmed environmental signals [60] (Figure 12).

Seasonal analysis of CO concentration from 2019–2024

shows an overall increasing trend during pre-monsoon, mon-

soon, post-monsoon, and winter seasons. However, the high

p-values (p > 0.05) indicate that these trends are statistically

non-significant, suggesting weak temporal variation in CO
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levels over the study period.

HCHO trends were largely positive during pre-

monsoon and early monsoon months (April–June; Tau =

+0.40–+0.55; p ≈ 0.220), reflecting enhanced photochemical

VOC oxidation under elevated solar irradiance, while weak

negative trends (Tau ≈ −0.20) during October–January are

consistent with reduced photochemical activity and cooler

temperatures (Figure 13).

Figure 12. Mann–Kendall seasonally trend results for CO during 2019–2024.

Figure 13. Mann–Kendall seasonally trend results for HCHO during 2019–2024.

SO₂ displayed the strongest upward tendencies inApril–

May (Tau = 0.78; p = 0.086), reflecting enhanced pre-

monsoon industrial combustion (Figure 14).

O₃ exhibited moderate positive trends (Tau = 0.6) in

May–June, consistent with high-temperature photochemical

generation (Figure 15).
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Figure 14. Mann–Kendall seasonally trend results for SO2 during 2019–2024.

Figure 15. Mann–Kendall seasonally trend results for O3 during 2019–2024.

While NO₂ presented mild decreasing trends (Tau

= −0.6; p = 0.220) during monsoon, suggesting possible

emission control improvements or effective wet scavenging

(Figure 16).

Cloud Fraction displayed negative Tau values

(−0.40–−0.55) across most months, indicating a gradual

decline in cloud cover frequency particularly between

November and February, reflecting drier post-monsoon

conditions and decreasing moisture availability. Positive

but non-significant trends (Tau ≈ +0.30) appeared during

June–August, consistent with interannual monsoon strength

variability (Figure 17).
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Figure 16. Mann–Kendall seasonally trend results for NO2 during 2019–2024.

Figure 17. Mann–Kendall seasonally trend results for Cloud Fraction during 2019–2024.

UV-AAI trends were inverse to Cloud Fraction, with

positive Tau values (up to +0.58) during pre-monsoon re-

flecting enhanced absorbing aerosol activity under low cloud

conditions, and negative trends (−0.40–−0.52) during mon-

soon and post-monsoon indicating effective rainfall-induced

washout and reduced aerosol loading (Figure 18).

Although no monthly trends reached statistical signif-

icance (p < 0.05), the directional consistency highlights a

stable emission regime with seasonal persistence rather than

abrupt interannual change.
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Figure 18. Mann–Kendall seasonally trend results for UV-AAI during 2019–2024.

4.4. Spearman Correlation Analysis

The Spearman correlation matrix revealed distinct in-

teraction patterns among primary pollutants, secondary at-

mospheric products, and meteorological regulators. Strong

positive relationships CO–NO₂ (ρ = 0.78) and NO₂–SO₂ (ρ =

0.72) confirm that these gases are co-emitted from coal-fired

power plants, industrial stacks, and mining machinery, es-

tablishing combustion as the dominant emission source [61].

The association between HCHO–O₃ (ρ = 0.54) and HCHO–

NO₂ (ρ = 0.46) indicates active VOC oxidation and precursor

involvement in ozone formation under favourable radiation

conditions (Figure 19).

Figure 19. Spearman’s rank correlation heatmap of multi-pollutant and solar intensity relationships for Singrauli during 2019–2024.
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The strong positive associations of Solar–O₃ (ρ = 0.75)

and Solar–HCHO (ρ = 0.61) suggest that secondary pollu-

tant formation is substantially enhanced during clear-sky,

high-irradiance periods, consistent with known photochemi-

cal pathways, though causality cannot be established from

correlation analysis alone. Conversely, Cloud Fraction was

negatively associated with UV-AAI (ρ = −0.61), Solar ir-

radiance (ρ = −0.72), and O₃ (ρ = −0.47), consistent with

cloud-mediated reduction in UV penetration and photolysis

rates, though these represent statistical associations rather

than directly measured causal mechanisms. The positive

coupling of SO₂–UV-AAI (ρ = 0.68) and NO₂–UV-AAI (ρ =

0.58) reveals coexistence of absorbing aerosol plumes with

combustion gases, consistent with power-plant-dominated

emission environments.

5. Discussion

5.1. Seasonal Dynamics and Photochemical

Controls

Seasonal patterns across all parameters reflect the dual

influence of combustion-driven winter accumulation and

radiation-driven pre-monsoon photochemistry. Elevated CO,

NO₂, and SO₂ during winter and post-monsoon result from

suppressed vertical mixing, boundary-layer compression,

and intensified coal combustion patterns well-documented

in central Indian coal belts such as Korba and Dhanbad,

where cold-season atmospheric stagnation enhances pollu-

tant accumulation [62,63]. Monsoonal declines in SO₂ and

NO₂ align with precipitation-induced scavenging confirmed.

Conversely, O₃ and HCHO peaked during pre-monsoon, re-

flecting intensified VOC oxidation and NO₂ photolysis under

strong sunlight, consistent with photochemical behaviour re-

ported across Indian industrial corridors. While HCHO is

interpreted primarily as a photochemical indicator in this

study, it is important to acknowledge that multiple precursor

sources may contribute to its elevated concentrations over

Singrauli. Biogenic isoprene oxidation from the forested

northern terrain under high pre-monsoon temperatures con-

stitutes a potentially significant natural HCHO source. Agri-

cultural residue burning and biomass combustion, season-

ally active in central India during post-monsoon, may also

episodically elevate HCHO concentrations. Anthropogenic

VOC emissions from coal processing, coke production, sol-

vent use, and vehicular exhaust within the industrial cluster

represent additional primary and secondary HCHO sources.

The observed ozone suppression within industrial cores is

furthermore mechanistically consistent with the classical NO-

titration pathway (O₃ + NO → NO₂ + O₂), wherein elevated

NO emissions from thermal power plant stacks rapidly con-

sume locally formed ozone, resulting in depressed O₃ near

emission sources while downwind rural zones accumulate

secondary ozone through photochemical ageing of trans-

ported precursors. Disentangling these HCHO contributions

would require source-apportionment modelling or isotopic

analysis beyond the scope of this satellite-based study.

5.2. Spatial Heterogeneity and Industrial Emis-

sion Sources

Spatial analysis revealed pronounced intra-regional

heterogeneity aligned with Singrauli’s industrial zoning.

Southern and south-eastern sectors, Anpara, Vindhyachal,

Renusagar, and Mahan consistently emerged as CO, NO₂,

and SO₂ hotspots, driven by coal-fired power plants and

open-cast mining operations, particularly during winter when

atmospheric stability restricts dispersion. Northern regions

such as Deosar and Chitrangi recorded lower pollutant levels

due to reduced industrial density and favourable dispersion

conditions, confirming the north–south pollution gradient

identified in CEPI-based assessments. The reversed spatial

gradient of O₃ and HCHO is suppressed at industrial cores

due to NO-driven titration and enhanced in downwind rural

zones mirrors photochemical transport behaviour reported

across Indian coal basins.

5.3. Trend Implications and Policy Relevance

Non-significant MK trends (p > 0.05) indicate a sta-

ble yet incrementally increasing emission regime for CO,

SO₂, and O₃, consistent with central Indian industrial analy-

ses. Particularly during winter stagnation episodes, as has

been documented in PM2.5 monitoring studies from Mad-

hya Pradesh, where meteorological parameters, including

temperature, humidity, and wind speed, were found to be pri-

mary drivers of pollutant concentration variability [64], while

the slight NO₂ decline suggests partial NCAP intervention

effectiveness. The southern industrial belt demands sector-

specific regulation, including CEMS installation, FGD de-
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ployment, and fuel switching to cleaner alternatives. Ozone

management requires precursor-targeted NOₓ and VOC re-

duction, as direct O₃ removal is chemically non-viable [65].

Integration of Sentinel-5P and GEE within CPCB’s surveil-

lance framework would strengthen data-driven air quality

governance under NCAP.

6. Conclusions

This study provides a data-driven characterization of

atmospheric behaviour over Singrauli, Madhya Pradesh, us-

ing Sentinel-5P TROPOMI retrievals and NASA POWER

solar radiation inputs [66] for 2019–2024. Air quality in the

region is governed by a coupled emission–meteorology–

photochemistry system, wherein coal-fired power generation

dominates primary pollutant emissions while radiative forc-

ing determines secondary atmospheric transformation. Win-

ter and post-monsoon periods exhibited elevated CO, NO₂,

and SO₂ due to boundary-layer compression and intensified

combustion; pre-monsoon promoted O₃ and HCHO build-up

under high solar irradiance; and monsoon months recorded

the lowest pollutant loadings, confirming wet scavenging

efficiency and cloud-mediated radiation attenuation. Spatial

mapping revealed persistent hotspots over southern power

plant clusters, while northern and peripheral zones showed

lower concentrations, reflecting the influence of regional

land use on pollutant dispersion. Mann–Kendall analysis

indicated stable but incrementally increasing tendencies for

CO, SO₂, and O₃, with a slight NO₂ decline suggesting partial

emission control effectiveness [67,68]. Spearman correlation

confirmed synchronous combustion origin (CO–NO₂ ρ =

0.78; NO₂–SO₂ ρ = 0.72) and strong radiative control of sec-

ondary chemistry (Solar–O₃ ρ = 0.75; Solar–HCHO ρ = 0.61),

with cloud-induced suppression further modulating oxidative

capacity. Effective air quality improvement requires inte-

grated emission–radiation–dispersion management. Prior-

ity interventions include FGD deployment, low-NOₓ burner

retrofits, NOₓ–VOC precursor regulation for photochemical

ozone control, and the establishment of vegetative buffer in

industrial peripheries [28,69]. The satellite-based framework

demonstrated here is scalable across India’s industrial en-

ergy corridors, offering a replicable monitoring blueprint for

regions lacking dense ground-based instrumentation and sup-

porting objectives of India’s National Clean Air Programme.
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