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1. Introduction

Abstract

Air pollution is now a major environmental and public health problem in many parts of South
Asia, but it remains under-monitored at ground level. Utilizing the Google Earth Engine, the
present study analyzes the spatiotemporal pattern of five major atmospheric pollutants (NO,,
S0,, CO, O3, and HCHO) over Dinajpur District in northern Bangladesh from space-borne
observations with the Sentinel-5P Tropospheric Monitoring Instrument (TROPOMI). Multi-
temporal datasets spanning 2019-2023 were employed to characterize annual trends,
seasonality, and spatial pollution hotspots. Results show a statistically significant upward
trend for NO, and HCHO (p < 0.05), with overall increases of percentage rates of 10.58% and
18.09%, respectively. Annual mean HCHO increased from 0.00019 mol m~2 (2019) to 0.00023
mol m™2 (2023), and peak NO, levels were 0.00010 mol m~2 in 2023. SO, showed an upward
trend in background concentration, with the annual mean of 0.00043 mol m™2 in 2023, while
CO showed a more stable trend, with a maximum value of its peak mean being 0.0438 mol m™>
(in 2021). The accumulation of O3 on the tree crowns steadily increased from 0.119 mol m™>
(2019) to 0.126 mol m™ (2022) and then slightly decreased in 2023. The spatial analysis
revealed long-lasting multi-pollutant hotspots associated with brick kilns, transportation
activity, and expanding urbanization in the central-western urban corridor of Dinajpur. The
Integrated Air Quality Risk Index shows the risk concentration in air quality around Dinajpur
Sadar and near industrial areas. Such findings highlight the ability of satellite-based
observations to capture pollution dynamics and deliver essential evidence for regional air-
quality management and environmental policy development in data-scarce regions.

infections, chronic obstructive pulmonary disease
(COPD), lung cancer and premature death [3-4]. Also, air

Air pollution persistently ranks among the most
concerning environmental and public health problems
worldwide, particularly in developing countries
undergoing rapid economic growth, population increase,
and urbanization that mostly correlated with augmented
emissions from anthropogenic and natural sources.
Various kinds of pollutants in the atmosphere, including
nitrogen dioxide (NO:), sulfur dioxide (SO2), carbon
monoxide (CO), ozone (03) as well as formaldehyde
(HCHO), are significantly affecting human health, climate
system and ecological balance [1-2]. Multiple
epidemiological investigations have found that long-
term exposure to such pollution sources is linked with an
elevated risk of cardiovascular diseases, respiratory

pollution leads to decreased agricultural productivity,
inferior visibility, acid deposition and change in regional
atmosphere chemistry [5-6].

South Asia is recognized as one of the severely
polluted regions of the world and is home to some of the
fastest growing economies (India, Pakistan, Bangladesh),
which have been experiencing unprecedented increases
in airway pollution [7-8]. Especially, Bangladesh
reportedly consistently remains one of the top-ranked
nations to possess highest pollutant load in the
atmosphere due to poor emission controls, unbound
industrialization, rampant fossil fuel consumption and
large-scale biomass burning [9]. Although air quality
research has primarily focused on metropolitan areas
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like Dhaka [10], Chittagong [11], Rajshahi [12] and
Gazipur [13], smaller urban/semiurban districts to
which Dinajpur in the north of Bangladesh belongs are
receiving less attention despite experiencing increasing
environmental pressures due to new urbanization,
intensifying agricultural practices, and industrial growth.
There are noticeable recent years’ trends in socio-
economic developments of Dinajpur District, such as a
boom in the number of brick kilns, an upsurge of rice
mills and agro-industries, intensification of vehicle
movements, and transformation of rural into urban areas
[14]. These activities are identified as sources of NO,,
S0,, CO, O3 precursors, and HCHO that collectively affect
the local and regional air quality. For instance, brick kilns
are the largest stationary sources of NO, and SO, in
Bangladesh as a result of the burning of high-sulfur coal
and firewood [15]. Vehicular emissions play a similar
role in the enhancement of CO and NO2, especially in
sites where waste burning is more common and hence,
contributes to higher levels of CO and HCHO [16-17].
Biomass burning due to poor combustion efficiencies,
biofuel use for cooking, combined with agro-residual
burning, results in significant levels of HCHO. Ozone,
which is a secondary pollutant, is produced by intricate
photochemical reactions of nitrogen oxides and volatile
organic compounds (VOCs), under the influence of solar
radiation, such as having high sensitivity to precursor
emissions and meteorological conditions [18-19].
Reliable monitoring of air quality is necessary to gain
insight into pollution mechanisms and support effective
governmental policies on the environment. But
Bangladesh has no substantial system to measure air
quality at the ground, much less in a district like Dinajpur,
where there are no continuous measurement facilities.
This limitation has led to an urgent requirement for
complementary monitoring modes that can offer
reliable, spatially consistent, long-term atmospheric
data. In this regard, satellite remote sensingis becoming
a useful approach to estimate air quality over large
spatial regions [20-21]. Down to daily temporal
resolution, satellite sounders like the Sentinel-5
Precursor (Sentinel-5P) equipped with the Tropospheric
Monitoring Instrument (TROPOMI) provide high spatial
coverage of tropospheric trace gas measurements over a
broad density range and even in data-limited regions,
which is already possible [22-23]. Sentinel-5P TROPOMI
has also been heavily used in international [24-26] and
local context to monitor the tropospheric column
densities of NO, [27], SO, [28-29], O3 [30], and CO [31-
32] and HCHO [33]. Its high temporal frequency and
spatial resolution render it especially well-suited to
probing pollution trends, pointing out emission
hotspots or seasonal changes. With the help of Google
Earth Engine (GEE), a cloud-based platform that stores
geospatial datasets and provides user-friendly, large-
scale processing capabilities, Sentinel-5P is efficiently
utilized in retrieving column density values at regional
spatial resolutions from multi-temporal datasets [34].
GEE and GIS were effectively utilized by many
researchers in the field of civil engineering for various
purposes, like forest cover change [35], soil liquefaction
prediction [36-38], groundwater depth and quality

assessment [39-40], risk assessment [41], seismic
microzonation [42-43], N-value correction [44], LULC
change detection [45], and bearing capacity evaluation
[46].

Recent studies have highlighted the significance of
satellite remote sensing and cloud-based geospatial
platforms in spatiotemporal analysis for large-scale
environmental monitoring. Researchers having access to
multi-temporal satellite datasets benefit from platforms
such as Google Earth Engine to process large amounts of
data and gain the ability to analyze spatial distribution
and temporal trends across vast homogeneous
geographical areas. Spatiotemporal approaches applied
using remote sensing data have been successfully
employed to study environmental change and natural
hazards [47-48] since that time. These studies illustrate
the utility of integrating multi-temporal satellite
observations into geospatial analysis frameworks to
detect long-term environmental trends and spatial
variability, thus supporting the methodological approach
undertaken in the current study. Despite such
opportunities of advanced remote sensing, an overview
of gaseous pollutants in Northern Bangladesh is still
scanty. The majority of previous studies have addressed
particulate matters, or major urban cities, and large
geographical knowledge gaps remain for areas in
transformation. As the industrial sector has boomed
along with the transportation network and altered land-
use in Dinajpur, examining long-term trends on air
quality is crucial to observe the potential health risks.
Hence, the present study is aimed at offering a detailed
spatiotemporal analysis of column densities of NO,, SO,
CO, O3, and HCHO in Dinajpur District over 2019-2023
based on TROPOMI (Sentinel-5P) data retrieved from
Google Earth Engine. To address this, here we sought to
present an all-round view of the air quality dynamics in
Dinajpur by developing annual and monthly
distributions, tracing hotspots and analyzing long term
trends. The results also add value to the general scientific
knowledge bank on regional air quality in South Asia, and
are evidence-based input for policy makers,
environmental managers and researchers working
towards controlling pollution and achieving sustainable
development in Bangladesh.

2. Materials and Methods
2.1. Study area

Dinajpur District is situated in the northwestern
side of Bangladesh and positioned at 25.6279°N,
88.6332°E. Occupying an area of around 3,400 km?, the
district features a hot semi-arid climate with extremely
hot summers and cool to mild winters. The district of
Dinajpur is a leading agriculturally productive area and
significantly economically important areas in northern
Bangladesh, but its land use, population density and
industrialization have changed markedly over the last
decade. The position of Dinajpur District is depicted in
Figure 1 showing various pollutant sources. Brick kilns,
rice mills, small and medium industries and the transport
sector in the district area too have been adding to more
atmospheric pollution. Unprecedented urban development,
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enlargement of road coverage and persistent use of biomass
and fossil fuels have increased environmental pressures with
the result that air quality monitoring represents an urgent
need. But Dinajpur, as is the case with most of Bangladesh’s
secondary cities and semi-urban districts, does not have
dedicated ground-based air quality monitoring stations.
Ilustration of these constraints emphasizes the need for
satellite observations to assess pollutant levels and monitor
both the spatial and temporal pattern of smog across the
region.

2.2. Data

Multi-temporal satellite-based atmospheric pollutant
data acquired from the Sentinel-5P TROPOMI
instrument for years 2019-2023 have been applied in
this study. Five primary gaseous air pollutants, Nitrogen
Dioxide (NO;), Sulfur Dioxide (SO;), Carbon Monoxide
(CO), Ozone (03) and Formaldehyde (HCHO) were
chosen as these represent the major indicators of

anthropogenic emission presence, combustion intensity,
photochemical activity and atmospheric reactivity. All
datasets were analyzed at their original grid resolution of
1113.2 m for all pollutants. Dinajpur District
administrative boundary was selected to be the spatial
mask for pollutant extraction and all further analysis. The
Level-3 products provided a consistent spatial grid,
streamlined use of statistics, and enhanced inter-
comparability among pollutants and years.

The Sentinel-5P TROPOMI products used in this study
provide tropospheric column densities of atmospheric
pollutants, not ground-level surface concentrations.
Column density (mol/m?), which describes the vertical
integral of a pollutant, or pollutants, through an
atmospheric column. Consequently, the results
presented in this study are satellite-derived atmospheric
column densities that infer spatial and temporal
variation of air pollutants rather than direct
measurements of surface-level air pollution.
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Figure 1. Map of the study region

2.3. Data acquisition and preprocessing in GEE

All the data of pollutants were downloaded,
processed and analysed with GEE. We introduced a filter
in the COPERNICUS/S5P/0FFL/L3 dataset by pollutant
type, and year as for each specific study year (2019-
2023). A typical quality assurance filter was used to
eliminate retrievals that were cloud contaminated or
with low QA values, in order to obtain reliable
measurements. The filtered images were clipped to the
limits of Dinajpur district boundaries providing spatial
homogeneity in these time-series datasets. Composite
images were generated for each month by averaging all
valid daily scenes during that month. These monthly
aggregates were used to study the intra-annual patterns
of pollutants and to obtain graphs for their monthly
seasonal variation. Composites of yearly mean (2019,

2020, 2021, 2022 and 2023) for each pollutant were
derived from monthly means. All monthly data was
exported in the form of a CSV file. The Annual composite
layers were exported to GeoTIFF (TIF) files for advanced
spatial visualization and statistical analysis in ArcGIS Pro.
Hence, GEE was adopted for the data retrieval and cloud-
free compositing to obtain pollutant surfaces, enabling a
homogeneous, reproducible and efficient treatment of
the multi-year satellite dataset.

2.4. Data quality and uncertainty

Sentinel 5P TROPOMI reports tropospheric and total
column densities of important pollutants (NO,, SO,, CO,
HCHO, 05) as vertical column densities instead of surface
concentrations, which means the observations reflect the
integrated atmospheric burden [sensitive to clouds,
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aerosols, and surface albedo through and viewing
geometry through the air mass factor calculation] [49-
50]. Tropospheric NO, columns correlate well with
airborne and ground-based DOAS data but typically have
a low bias of about 20-40% in polluted areas; this is
mainly due to errors in cloud pressure, a priori profiles,
and aerosol loading [49, 51]. This is less of a problem for
strong (volcanic) and larger anthropogenic plumes,
which can be captured at high spatial resolution with
TROPOMI SO,, as individual retrievals near a background
level are closer to the detection limit and thus more
uncertain, so that SO, would not be very reliable when it
comes to absolute differences that are small but on
average better than detecting large enhancements [52].
For CO, validation against TCCON, NDACC IRWG, and
AirCore profiles shows small mean total column biases (a
few to 10%) and high correlation but more scatter under
cloudy and vertically complex conditions, so the product
is most robust for regional plumes rather than precise
surface levels [53-54]. FTIR validation globally at 25 sites
indicates that HCHO meets its end-user requirement of a
40-80% accuracy range but suffers from concentration-
dependent  biases and random  uncertainty
underestimations by about a factor of ~1.6-2.3 times,
especially high bias (due to large aerosol loading) in its
level at two separate sites in South Asia [50]. For ozone,
total column and profile products generally agree with
ozonesonde and lidar measurements within ~5-10%,
but random uncertainty and some tropospheric
underestimations are present at times, as well as an
underestimation of ex ante uncertainty estimates at the
tropopause [55-56]. The recommended TROPOMI
qa_value quality filtering was applied, for each pollutant,
to eliminate pixels influenced by clouds, problematic
geometry, or retrieval issues, and all fields in this work
are considered satellite-derived atmospheric column
densities considering the previous uncertainties (i.e.,
they are reporting relative spatial patterns and temporal
trends rather than absolute ground-level
concentrations) [49, 54]. HYSPLIT has been shown to
acceptably predict for SO, and O3z concentrations less
than 10 ppb, and overall, an average of 30-40% of daily
observations were filtered out using the recommended
QA thresholds outlined for each pollutant dataset. In fact,
data loss is more severe during the monsoon seasons,
caused by increased coverage of clouds over northern
Bangladesh. This eliminates poor measurements and
reduces retrieval error, enhancing data reliability but at
the expense of temporal coverage during some periods.
To avoid possible bias, monthly and annual averages
were computed only when enough valid observations
were available. Note that as the filtering process was
performed in a homogeneous way throughout the entire
study period, overall temporal trend analysis is
comparable and robust despite limited data availability.

2.5. Data analysis and risk modeling in ArcGIS Pro

The spatial analysis and risk assessment process was
conducted in ArcGIS Pro with processed TIF files
exported from GEE. Plugin dataset-Each year’s pollution
layer was visualized with stretched color symbology,
and low and high column density subzones were

distinctly distinguished. The stretch method retained the
full distribution range and demonstrated spatial
differences within Dinajpur District. The zonal statistical
tools were then used to extract statistical summaries
comprising the minimum, maximum, and mean of each
year’s column densities. Those measures allowed for a
quantitative estimate of the interannual variability of
pollutants and supported multi-year trend analyses.
GEE monthly averages (imported) and annual min-
mean-max charts were inserted in the results section to
show seasonal and yearly trends.

A multi-criteria decision analysis (MCA) approach
was used to generate air pollution risk map, reflecting the
total effect of the five selected atmospheric pollutants.
For this reason, we recently introduced the air quality
risk index (AQRI) to assess the relative spatial
distribution of atmospheric pollution risk from satellite-
derived column densities. Since different pollutants use
different measurement units and magnitudes, we used
Min-Max normalization to normalize the values between
arange of 0 to 1 according to Equation 1.

Ci—Cmin

Ni - Cmax—Cmin (1)

where N; is normalized values and C; is original
column density. In the absence of ground-based
exposure measurements and locally validated health-
impact coefficients for the study area, equal weighting
was used for all pollutants. Similar equal-weight
approaches have been adopted in remote sensing-based
(environmental) risk assessments where the key goal is
relative spatial comparison as opposed to absolute
health risk estimation. To reduce the impact of extreme
values, normalization limits were based on study-period
ranges instead of single-day extremes.

According to Equation 1, we calculated the AQRI 2.

AQRI = =31, N; (2)

where n is the number of pollutants. The AQRI is an
indicator of relative spatial pollution risk and does not
directly represent exposure to health levels.

The resulting index created an evenly distributed
raster of cumulative atmospheric pollution risk, removed
the extreme 0.5% outliers due to the percent clip stretch,
and then automatically generated labels for the "Low,
Medium, and High" points based on the remaining
statistical distribution throughout the Dinajpur District.
The classification was intended to highlight relative
pollution hotspots rather than replicate regulatory air
quality standards. This workflow, agglutinating GEE-
based preprocessing, statistical analytics at ArcGIS Pro
and weighted overlay modeling describes a robust and
reproducible method for assessing multi annual trends in
pollution and creating spatial risk assessment in areas
with no ground monitoring stations. Figure 2 shows the
workflow of the study.

2.6 Statistical trend analysis

We used non-parametric statistical methods to
quantitatively assess temporal trends of gaseous
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atmospheric  pollutants, going beyond visual
examination. The statistical significance of the
monotonic trends in monthly satellite-derived column
densities from 2019-2023 was assessed using the Mann-
Kendall (MK) trend test. The MK test has been used
extensively in environmental time-series analysis
because it does not require data to follow a normal
distribution and is robust to outliers. Sen’s slope
estimator is also used to evaluate the value of trends,
which determine the median rate of change over time.
Statistical significance was assessed at the 95%
confidence level (p < 0.05). In addition, the percentage
change between the first and final observation periods
was calculated to give a quantitative estimation of overall
trend magnitude (Equation 3).

% change = Lnal~Xnitial , 1) (3)

Xinitial

To explore inter-pollutant relationships and potential
common emission sources, correlation analysis among
pollutants was performed using Pearson correlation
coefficients. All analyses were conducted in R statistical
software using the Kendall and trend packages.

Study Area Selection

l

Gas Pollutants (NO2, SO2, CO, O3 & HCHO)

l

Data Sources
(Satellite: Sentinel-5P TROPOMI)

l

Data Extraction (in GEE),
[2019 - 2023)

l

GIS Analysis &
Visualization

l

Monthly &
Yearly Variation

l

Air pollution Risk zone identification

l

Statistical Trend Analysis

Figure 2. Workflow diagram

3. Results and Discussion

The spatial and temporal variation in five common
atmospheric pollutants (NO,, SO,, 03, CO and HCHO)
during 2019-2023 were investigated based on the
TROPOMI/Sentinel-5P satellite observations, which
show significant annual and seasonal dynamics in target
area. The annual pollution maps reveal the spatial
distribution of each gas, and monthly-average plots as
well as annual maximum-minimum-mean plots
together outline how concentrations vary within and
among years. The outputs are detailed beyond just
temporal dynamics, revealing places where the
pollutant's intensity is relatively high or low.

3.1. Variation of NO,

The annual spatial distribution of NO, over Dinajpur
District is presented in Figures 3(a-e). The maps reveal
that the highest column densities of NO, were consistent
at Dinajpur Sadar, Parbatipur, where a dense
transportation network, extended commercial areas,
and considerable brick kiln operation exist. These
hotspots were consistently present over the five-year
period, suggesting long-lasting combustion-emission
sources. A seasonal pattern can be found in the
examination of monthly averaged vertical column
densities (m) of NO2z over Dinajpur during 2019-2023
(Figures 4a-e). Over the course of the five-year study
period, mid-year maxima were consistently found for
NO:z and generally found to fall between April and July.
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Namely, in 2022 and 2023 the strongest seasonality
was observed with peaks in june higher than 0.00010
mol/m?2. In contrast, the peak magnitude was somewhat
lower in 2019 and 2020 (~0.00009 mol/m?2). Overall,
the data show an accumulation of NO2 before mid-year
and a decrease during late-monsoon to post-monsoon
months (August-December). Such cyclic nature indicates
that local meteorological state and atmospheric
retention of the NO: at Dinajpur are strongly
interconnected.
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(e) Monthly Average NO, (2023)
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The monthly mean tropospheric column densities of
sulfur dioxide over Dinajpur 2019-2023 in Figures 7(a-e)
show that there is a similar persistent recurring
seasonal behavior through significant occasions in
winter accumulation and monsoon dispersal. For all five
years, the column densities exhibited a clear U-shape
distribution and consistently peaked during the dry
winter (January-February) months, typically near
0.0005 mol/m?. In sharp contrast, the monsoon season
(June-October) experienced a drastic removal of
pollutants with column densities often less than 0.0002
mol/m? by atmospheric washout. Although the overall
seasonal trend was strong, local inter-annual variability
was seen, including a marked spring pulse in April 2021
and an unprecedented five-month period of persistently
low column densities during 2022. Through 2023, the
evidence has only bolstered this cycle in place with an
end near year-end line-up that staying true to historical
trends over the last four years.
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The comparison of the annual SO: statistics for
Dinajpur (2019-2023) suggests that peak stability and
spread in increasing baseline pollution may be divergent

(Figure 8).
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at an almost constant level of about 0.0005 mol/m? since
2020, minima exhibit a clear trend upwards namely,
from below 0.00025 mol/m? in 2019 to more than
0.00032 in the year 2023. The increase in background
pollution pushed the annual mean to a new maximum
(~0.00043 mol/m?) in 2023, suggesting that while peak
emissions remained unchanged, there is an increasing
overall atmospheric SOz burden through the year.

3.3. Variation of CO

The spatial patterns of CO for 2019-2023 are
presented in Figures 9(a-e).
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This gradient was best observed in 2023, where
across the year CO decreased as a continuous
progression from 0.050 mol/m? in January to low of
0.034 mol/m? in July. The five-year annual statistical
observation of carbon monoxide (CO) in Dinajpur skyline
offers a different peak of pollution loading on 2021
(Figure 11). The baseline (minimum) column densities
remained quite steady at ~0.042 mol/m? throughout the
period whereas maximum and mean concentration
underwent substantial oscillations. The year 2021
registered the largest values among all years (up to
0.0454 mol/m?, on average 0.0438 mol/m?). After a
slight improvement of the air quality in 2022, with both
maximum and mean value decreasing, data for 2023
report a new increase with the annual average growing
to the value of 0.0434 mol/m?.
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Figure 11. Min-max-mean CO chart (2019-2023)
3.4. Variation of O3

The O5 spatial pattern is presented in Figures 12(a-e)
particularly high in northern part of Dinajpur. Ozone is
produced in a highly dependent manner on daylight, and
temperature; showing marked seasonal maxima.
Monthly mean ozone (03) profile for Dinajpur (2019-
2023), which reflects a well-defined solar-driven
seasonal cycle reaching its maximum value in the high-
insolation pre-monsoon season, are shown in Figures
13(a-e). In contrast to the primary pollutants, O3 levels
continue accumulating between April and June with
annual peak values ranging from 0.127 mol/m? (2019) to
0.133 mol/m? (2020). They are generally lowest during
the lower-light winter or post-monsoon season (0.110-
0.115 mol/m?). Significantly, whereas 2020 and 2023
had pronounced spring peaks, 2022 displayed a
persistent five-month period of high ambient ozone
levels.
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Figure 14 clearly indicates that the annual statistical
profile of ozone in Dinajpur (2019-2023) started to
accumulate from 2019 towards its highest level in 2022
and then decline. All three important values (minimum,
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maximum and mean) all rose after each had been
recorded at its lowest measurement in 2019 (mean =
0.119 mol/m?), to set the dataset maximum where mean
was around 0.126 mol/m? in this 2022 comparison year.
This upward trend shows a steady increase of ozone
pollution in the four years overall. In 2023, however, the
annual mean broke this trend and reduced to ~0.123
mol/m?, indicating possible stabilization or decrease in
photochemical activity post-peak year.
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Figure 14. Min-max-mean O3 chart (2019-2023)
3.5. Variation of HCHO

The tropospheric column density maps of HCHO
represented in Figures 15(a-e) reveal increased values at
agricultural belts and peri-urban areas of Bochaganj,
Dinajpur Sadar, and Parbatipur. There are both direct
emissions sources (vehicles, brick kilns) and secondary
generation from lower VOCs (Volatile Organic
Compounds).
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Figure 15. Spatial maps of HCHO for (a) 2019 (b)
2020 (c) 2021 (d) 2022 (e) 2023

The seasonality of HCHO in Dinajpur (2019-2023) is
mainly influenced by HCHO during the pre-monsoon and
summer periods as observed from their temporal
variability (Figures 16a-e). Compared with primary
pollutants, which are dominated in winter season, HCHO
column densities usually rises up to the maximum level
during the period from April to June associated with high
temperature and solar radiation.

For example, May 2019 (0.00023 mol/m?), April
2021 (0.00027 mol/m*) and June 2023 (0.00028
mol/m?) had individual peaks. This indicates that the
HCHO in this region is strongly affected by secondary
photochemical production and temperature-induced
biogenic emission. But meteorological variation
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particularly changed this pattern in 2020 and 2022, with
the higher levels continuing or peaking in winter
(December), suggesting that under some circumstances
anthropogenic or atmospheric stagnation are also
responsible for HCHO buildup. The 5-year time series
trend of Formaldehyde (HCHO) in Dinajpur (2019-
2023) (Figure 17), an increase for all the statistical
parameters is observed consistently. The annual mean
column densities increased from a minimum value of
0.00019 mol/m? in 2019 to a maximum of 0.00023
mol/m? in 2023.
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Figure 17. Min-max-mean HCHO chart (2019-2023)

This increase is the result of both an increasing
pollution ceiling reaching more than 0.00025 mol/m? by
2023 and a rising floor, with minimum column densities
of more than 0.00020 mol/m? that increased over the
monitoring period compared to those above as measured
in approximately 0.000175 mol/m? throughout the
study time-span. Although there are no specified ground-
based monitoring stations for gaseous pollutants in
Dinajpur, a commentator on the adverse pollution
phenomena exhibited by our Sentinel-5P TROPOMI data
is in fact the drastic air quality degradation reported
recently and everywhere else in the northern and
northwestern cities. Importantly, unlike our study, which
relies on satellite and ground-based air quality
assessments, previous studies into the air quality in this
northern region, including Dinajpur, Rangpur, and
Rajshahi have only used localized ground-level
concentration measurements, focusing mainly on
particulate matter (PM,.5 and PM;,). To the best of our
knowledge, this is the first study using satellite-derived
tropospheric column densities to investigate the
spatiotemporal variations in trace gaseous pollutants
across these cities. For example, PM;.5; and PM;q were
56.41 pg/m? and 72.63 pg/m* at the same location,
exceeding WHO (World Health Organization) standards
up to 2.25 times for PM,.5 and 1.45 times for PM;, [57].
This was also the case for the Rangpur metropolitan area,
which has critically high average ground-level
concentrations of PM,.s5 (70.13 pg/m?®) and PM;, (89.66
ug/m?). While mainly concerned with particulate matter,
checks carried out in research hubs bolstered these
observations by demonstrating significant sectoral
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neglect amid common anthropogenic factors that drive
widespread regional pollution across the greater North
of Bangladesh: uncontrolled vehicle emissions,
accelerating commercial urbanization, and operation of
brick kilns near densely populated areas [57-58].
Moreover, regional atmospheric modeling and spatial
analyses have shown that local air pollution has been
substantially increased by the effects of regional
transport and transboundary air pollution [59]. Since
industrialization is highly concentrated in some areas,
such as the eastern Parbatipur upazila [58], heavy
industrial activities like coal mining and coal-based
power generation dominate pollution sources. During
the dry season, average wind currents are east
(Parbatipur) toward west (Dinajpur Sadar), with mean
velocity values reaching 3 m/s and leading to regional
flows that serve as transport phenomena throughout the
area [60]. In fact, this meteorological parameter plays an
active role in transporting massive amounts of industrial
pollutants, such as the precursors for NO, and SO, to
secondary pollutants like Oz, into the core Dinajpur
hotspots. As a result, the significant pollutant column
densities in Dinajpur Sadar are not merely due to
localized urban emissions but are significantly
aggravated by regional transport of plumes from eastern
industrial sectors and transboundary sources [59].

3.6. Air pollution risk zone mapping

The combined air pollution risk image (Figure 18)
presents an integrated view of the cumulative exposure
to NO,, SO, CO, O3 and HCHO in Dinajpur district. The
risk surface estimated using normalized multi-criteria
overlay technique exhibits spatial clustering of high-risk
areas. The central-western regions are the most
dangerous area and have a dense red cluster (high risk)
representing the combined effect of NO,, SO,, CO, O3 and
HCHO.
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Figure 18. Air pollution risk zone map

The location is situated to the west and south-west of
Dinajpur Sadar and characterized by high density of brick
kilns, heavy traffic related activities and increasing
populations, which lead to heavy emissions throughout

the year. Moderate-risk areas are spread over the north-
western and mid-central region, where semi-urban
activity and agriculture burning add to intermittent
pollution. On the other hand, in a large part of the south-
eastern and eastern regions there are only low risks
(blue) that can be attributed to low population density,
more vegetation coverage or fewer industrial sources.
Geographical distribution is consistent with individual
pollutant maps, indicating that emission sources are
highly aggregated in the west of the district. Such risk
assessment would be very useful, particularly in
Dinajpur, where there are no ground monitoring stations
and help address priority areas for emission reduction
and environmental management (Table 1).

Table 1. Risk category thresholds

AQRI Risk
0-0.26 Low
0.26-0.41 Moderate
0.41-0.72 High

Despite being fundamentally different from a typical
air quality index such as the air quality index (AQI) or
even the air quality health index (AQHI), spatial patterns
identified in this study are consistent with pollution-
prone zones previously reported in northern
Bangladesh. In contrast to AQI, which reflects ground-
level concentrations and health thresholds at these sites,
the aerosol quality risk index links satellite-derived
column densities to a spatially relative risk assessment
for the regions lacking monitoring stations. While
alternative weighting schemes may affect AQRI
magnitude, they would likely not change the pattern of
spatial hotspots because normalization adjusts pollutant
variability. The AQRI developed in this study provides
relative spatial differences in atmospheric pollutant
exposure rather than absolute health risk. Given that
Sentinel-5P measures column densities rather than
surface concentrations, AQRI outputs should be
interpreted as Phyto toxicological risk coefficients and
not regulatory air quality grades.

3.7. Statistical trend analysis

Statistically significant increasing trends for NO, and
HCHO column densities over the Dinajpur District were
detected during 2019-2023 according to the Mann-
Kendall trend test (p < 0.05) (Table 2). For NO,, there was
a positive trend (t = 0.218, p = 0.014) with a Sen’s slope
of 2.01 x 1077 mol m™2 per month, corresponding to an
overall increase of 10.58%. HCHO demonstrated the
highest increase over time (t = 0.244, p = 0.006), with an
average increase of 18.09% during the review timeframe
too. Conversely, SO,, 03, and CO did not demonstrate
statistically significant trends (p > 0.05), with column
density variations remaining comparatively stable
despite minor fluctuations highlighted in plots of
temporal data. These observations indicate that visual
interpretation alone can exaggerate perceived trends
that are not statistically verified. All pollutants showed
similar trends over time as illustrated in Figure 19.
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Temporal Trends of Atmospheric Pollutants (2019-2023)
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Figure 19. Temporal trends of pollutants

Atmospheric pollutant correlations were analyzed
using Pearson correlation analysis (Figure 20). The
correlation was strongly positive between the NO, and
HCHO (r = 0.62), hinting at possible relations of nitrogen
oxide emissions with photochemical production of
formaldehyde in the atmosphere. Similarly, SO, also
correlated positively and strongly with O3 (r = 0.62),
potentially  reflecting  co-occurring  atmospheric
processes tied to oxidation and regional atmospheric
chemistry. A moderate correlation was found between

Table 2. Statistical trends

NO, and CO (r=0.47) suggesting possible influence from
common emission sources related to combustion such as
transport and fuel burning. HCHO also showed weak to
moderate positive correlations with SO, (r=0.38) and O;
(r = 0.36). On the contrary, low negative correlations
between SO, and CO (r =-0.27) as well as NO;, and SO, (r
=-0.20) were found implying that these substances arise
from partially distinct emission processes or diversity of
atmospheric behavior.

Pollutant MK_Tau p_value Sen_slope Percent_change Trend
NO2 0.218 0.014 0.000000201 10.58% Increasing
S02 0.064 0.471 0.000000444 9.46% No significant trend
03 -0.036 0.688 -0.0000207 5.98% No significant trend
co 0.11 0.218 0.0000529 10.61% No significant trend
HCHO 0.244 0.006 0.000000527 18.09% Increasing
o)
8 8 = 0o 6 In summary, correlation patterns reveal the intricate
z n O & I interactions between atmospheric pollutants and how
L not only emission sources but also atmospheric
NO2 020 0.08 041 ‘ 08 chemistry contribute to their temporal variability.
' During 2020, a prominent decrease in pollutant column
08 densities has been reported across South Asia coinciding
SO2 o . . s 0.38 04 with COVID-19 lockdown restrictions [61]. Regional
studies have also showed similar reductions in NO, and
02 CO concentrations during lockdowns, as vehicle
O3 o0 ‘ ‘ e ane Lo transportation and industrial activities decreased
(Figure 21). The reported temporary decline in this
0.2 study, therefore, seems more associated with reduced
ST anthropogenic events rather than an improvement of our
co & il - Cd e atmosphere on a long-term scale. The results are based
06 on satellite-derived column densities and not

HCHO

‘ 0.38 0.36 0.20 08

Figure 20. Correlation matrix visualization

concentrations at the ground level; as a result, observed
COVID-19 impacts indicate atmospheric column
responses and not direct exposure changes during the
COVID time period.
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Variation of Atmospheric Pollutants during COVID-19 Period
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Figure 21. Inter-annual variation of atmospheric pollutants

3.8. Mechanistic understanding and driving factors

Regional emission sources and meteorological
controls explain part of the observed spatial and
temporal variability of atmospheric pollutants.
Stationary source emissions are primarily concentrated
around deposition sites due to high urbanization along
access routes, which was consistent with the reported
emission sources in northern Bangladesh for vehicular,
brick kiln, and fossil-fuel combustion activities. Brick
kilns and transportation emissions are already known to
play a major role in nitrogen oxide and sulfur dioxide
levels in South Asian cities. Meteorological conditions
highly impactful seasonal variability of pollutants
concentration during the winter months, low boundary
layer heights and light winds restrict dispersion capacity
in the atmosphere, leading to pollutant accumulation. On
the other hand, the monsoon precipitation contributes to
increasing wet deposition of pollutants and atmospheric
cleaning, thus resulting in low concentrations of
pollutants. Temperature and solar radiation also affect
atmospheric chemistry by increasing photochemical
processes.

Primary pollutants (NO,, SO, and CO) are derived not
only from direct emissions but also from secondary
pollutants (O3 and HCHO), whose relationship reflects
the photochemical oxidation processes. Tropospheric
ozone (03) forms in the presence of sunlight through
reactions between nitrogen oxides and volatile organic
compounds, whereas formaldehyde (HCHO) is a marker
for VOC oxidation and secondary photochemistry. Higher
levels of solar radiation in the pre-monsoon period may
further magnify these reactions, elucidating the seasonal
trends observed for secondary species. Moreover, air
masses moving from industrial regions in neighboring
South Asia can affect the regional transboundary
transport of pollutants and impact pollutant levels in
Bangladesh. On a larger scale, long-range transport has
been highlighted as an important contributor to the
pervasively high pollution levels at background sites
throughout the Indo-Gangetic plain and it substantially

affects local air quality depending on local emission
sources.

3.9. Policy implications and recommendations

The results offer important implications for air-
quality management and environmental policy. A range
of pollution hotspots was identified through satellite-
derived spatial risk maps, indicating urgency and priority
for mitigation in traffic-emissions-impacted areas,
industrial activities, brick kilns, and urban construction.
The emission control measures, such as stringent
standards for emissions, use of cleaner fuels and
improved traffic management, should be targeted in
these microenvironments to proactively minimize
pollutant concentrations that have high health risk.
Satellite observations, for example from Sentinel-5P,
provide an effective means of monitoring large-scale
atmospheric pollution patterns and spotting emerging
hotspots. Combining satellite data with national
monitoring programs under the auspices of the
Department of Environment and increasing ground-
based monitoring networks can improve validation,
strengthen environmental surveillance, and provide
evidence-based air-quality management policies.

3.10. Study limitations

While this study discovered spatial pollution patterns
based on observations from satellite imagery identifying
the nature of individual emission sources (for example,
brick kilns versus traffic density), a detailed analysis
using such local emission inventories was not possible in
the current research as high-resolution emission
datasets were limited. Further studies with emission
inventories and land-use data will allow for quantitative
source attribution. Meteorological drivers like wind
speed, boundary layer height, and temperature
variability were discussed qualitatively but not
quantitatively in statistical modeling. Over more
extended periods, the inclusion of reanalysis
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meteorological datasets (e.g., ERA5) could assist with
mechanistic interpretation of seasonal variability.
Moreover, we inferred transboundary pollution
transport from regional atmospheric behavior as
discussed in previous studies, instead of trajectory
modeling methods such as HYSPLIT. Future
investigations should leverage air-mass trajectory
analysis to quantitatively assess their regional transport
contributions. Consequently, the AQRI developed in this
study reflects relative spatial risk patterns but not
absolute causal attribution of pollution sources.

4. Conclusion

This research employed a five-year record of
Sentinel-5P TROPOMI data (2019-2023) to carry out the
first-ever survey covering both spatial and temporal
dimensions on atmospheric pollution in Dinajpur
District. The study has quantified the accumulation of
NO,, SO,, CO, O3 and HCHO over a rapidly developing
region where ground-based air quality monitoring
infrastructure is not available by combining cloud-based
processing on Google Earth Engine and multi-criteria GIS
analysis. The statistical analysis with annual mean
column densities shows a clear worrying tendency in
atmospheric deterioration for the period observed. The
four other pollutants all trended upwards during the
period, with CO having a spike in 2021 before steadying.
NO2 and SO: levels have consistently increased, with both
annual averages exceeding the peaks of 2019 for the
observation period ranging from 2020 to 2023. Also,
Formaldehyde (HCHO) exhibits a clear increase in the
data, and we conclude that both biogenic and
anthropogenic hydrocarbon emissions are rising. O3 (a
secondary pollutant) showed a continuous accumulation
maximum in 2022, indicating the growing capacity for
photochemical smog formation of this area. Taken
together, the trends clearly demonstrate that the
atmospheric load-bearing capacity of Dinajpur is being
increasingly threatened by intensifying anthropogenic
practices. Individual pollutants did not have a uniform
spatial distribution but instead exhibited hotspots and
localized areas affected by land use. NO2 and SOz were
severely accumulated in the central zone of
governmental activities, typical industrial site areas in
the district, which is positively related to the density of
brick kilns and vehicular road network. In contrast, the
more spatially extensive impacts due to pollutants such
as HCHO and SO: reflect their secondary formation
processes in peri-urban and agricultural regions. The Air
Pollution Risk Map combined these disparate spatial
patterns into a single index and revealed a chasm in
environmental vulnerability throughout the district:

v" High-Risk Core (Central zone): The cumulated
exposure pollution risk is absolutely concentrated
in Dinajpur Sadar. This core of the island
constitutes a high-risk island (area shown as deep
red in risk maps) where peak levels of several
pollutants overlap. This is an indication that the
district headquarters was both the origin and
target of accumulated atmospheric load.

v" Moderate-Risk Spreading Area (NorthWest & East
Belts): The risk of pollution is transmitted from the

central area to other areas. Moderate risk areas
(vellow/orange) can also be seen to the North
(Birganj and Kaharole), West (Biral), as well as to
the East (Parbatipur). This suggests a corridor of
deteriorating air quality most probably due to
transportation corridors and the growing semi-
urban settlements that connect these upazilas with
the centre.

v" Low-Risk Havens (SouthEastern Zone): There is a
pronounced trend of decreased risk going
southeast. The upazilas of Nawabganj, Hakimpur,
and Ghoraghat tend to show the lowest risk index
(blue zones) that may be attributed to lower
industrial density and greater distance from the
central urban agglomeration.

The results indicate that air pollution has become a
district-level problem in Dinajpur with particular
Central-western axis threshold of vulnerability.
Recognition of Dinajpur Sadar as an important multi-
pollutant hotspot emphasizes the necessity for focused
intervention in this area. This study generates scientific
evidence that can be used by policymakers to rank
emission control in the identified high-risk upazilas and
help prevent further exposure from urbanization at the
expense of environmental health of the area.
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