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Abstract 

 

The Detailed Area Plan (DAP) region of Dhaka, a densely populated and rapidly urbanizing hub in Bangladesh, 

has serious air quality issues related to unplanned urbanization, vehicle emissions, and industrial growth. 

Monitoring of air pollution has become more popular, but there are still few integrated spatial assessments that 

connect land use patterns, socio-environmental impacts, and multi-pollutant dynamics. Utilizing a GIS-based 

framework, this study analyzes the spatiotemporal distribution of air pollutants (PM₂.₅, NO₂, SO₂, CO, O₃) 

throughout the DAP region of Dhaka, locates pollution hotspots, and assesses how these correlate with land use 

categories. Land use maps and industrial zoning data are combined with multi-year air quality data from ground 

monitoring stations and satellite-derived products (e.g., Sentinel-5P TROPOMI).  While spatial autocorrelation 

techniques (such as Moran's I) and kernel density estimation identify pollution hotspots, statistical and seasonal 

decomposition approaches are used to evaluate temporal patterns. Demographic information is used to quantify 

health risks and population exposure. Policymakers can use this study's practical methodology to prioritize 

emission control zones, improve air quality monitoring systems, and match public health objectives with land use 

planning.  For megacities facing air pollution crises in South Asia and elsewhere, the combination of geospatial 

analytics, temporal trend analysis, and socio-environmental risk mapping provides a reproducible approach. 

Keywords: Air pollution; GIS; Dhaka DAP; Health risk assessment; spatiotemporal analysis. 

 

1. Introduction 

Air quality deterioration has become a major environmental problem across the world, with PM₂.₅, NO₂, CO, O₃ 

and SO₂ being considerably harmful to human health and environmental health globally (Akimoto, 2003). In fact, 

air pollution is one of the major forcing factors that affect not just the human health but the climate regimes of the 

earth, the vegetation cover, and the environmental integrity in general (Zoran, Savastru, Tautan, Tenciu, & Stanciu, 

2025). The given phenomenon cannot just affect human health but also the climate on the Earth and the vegetation 

as well as the quality of the nature in general. The cross-border outlay and cross hemisphere outlay of various 

atmospheric pollutants indicate that clean air today is literally transboundary and requires stringent supervision 

and control (Akimoto, 2003). Bangladesh is one of the most air polluted countries in the globe when it comes to 

developing countries. As of 2019, the city of Dhaka had the 21st highest polluted city in the world with an annual 

average PM₂.₅ concentration at 83.3μg/m³, which is considered unhealthy (Begum & Hopke, 2018).Likewise, other 

cities have recorded unsafe levels of pollution e.g. other cities like Kirkuk in Iraq have registered Air Quality Index 

values of 300 to 472, which is considered to be a sign of hazardous air (Jamal Jumaah, Jasim, Rashid, & Ajaj, 

2023). This trend is further supported by the reported Air Quality Index values that go 300-472 (that is indicative 

of air that is considered hazardous). Such a deplorable air quality situation is inherently connected with the fast 

urbanization processes and land use land cover (LULC) transformations. Numerous researches have reported 

significant positive relationship (in many cases, greater than 0.90) between the urbanization and the concentration 

of air pollutants, demonstrating the extensive impact of urban growth on the worsening air quality in the urban 

areas (Superczynski & Christopher, 2011). An example is the study of a region in Alabama, Birmingham, where 

the urban land cover was found to be moderately to strongly linked to increased PM5 concentrations (Superczynski 

& Christopher, 2011). Unplanned urbanization in Bangladesh has remained a major trigger of environmental 

pollution. This has resulted in significantly high levels of pollutants due to the loss of vegetated lands along with 

the increased traffic movement of vehicles and the increased industrial production (Hasan & Ahmed, 2023). These 

tendencies are supported by recent remote-sensing studies of the coastal regions of Bangladesh, which 
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demonstrated significantly high concentrations of NO2, SO2, O3, and CO in the areas with a high rate of 

development, and indicated that the concentration of PM₂.₅ has exceeded the limits of the national ambient air 

quality standards (BNAAQS) every year since the late 1990s (BNAAQS) (Hasan & Ahmed, 2023). In this study, 

therefore, the spatiotemporal change in the main air-quality variables, i.e. PM₂.₅, NO₂, CO, O₃, SO₂, in the Dhaka 

Detailed Area Plan (DAP) area is to be followed during 2019 -2024. Through an examination of land use land 

cover (LULC) transitions throughout this time, we will be able to determine the areas of pollution hotspots, and 

explain their correlation with distinct land-use types. In spite of the fact that many studies have focused on urban 

air pollution or land use dynamics individually, little has been done on the comprehensive spatial analyses that 

combine LULC dynamics and multi pollutant concentration patterns in rapidly growing urban centers like Dhaka. 

Some of the first steps towards such integration have been made; however, recent nationwide study in Bangladesh 

used a multivariate geospatial model to integrate various pollutants into a composite index, which showed that 

megacities, such as Dhaka and Sylhet, had the highest pollution-impact scores (Rahaman et al., 2025). However, 

finer scale connectivity between the local land cover changes and the air-quality variables at Dhaka in terms of its 

spatial distribution remains poorly defined. Based on this, the current study is informed by an acute necessity to 

have empirically based urban-planning interventions, in particular, given the fact that Dhaka is a megacity that 

requires the adoption of sustainable development approaches to address the problem of environmental degradation 

(Gazi, Rahman, Uddin, & Rahman, 2021). Air pollution in the form of uncontrolled pollution is a great threat to 

human health, economic development and environmental sustainability. Satellite monitoring of long-term changes 

in pollutant levels in the South Asian region have seen drastic changes in the levels of pollutants a rise of over 200 

percent in PM5 and SO2 levels in some of the sub-regions since the 1980s, and accompanied by negative impacts 

such as a decline in agricultural productivity (Mohammad et al., 2025). The given exploration utilizes the data of 

remote sensing and the Google Earth Engine (GEE) platform to conduct holistic monitoring and analytical 

processes, thus, providing the essential information that is related to the Development Assistance Program 

implementation and the functioning of urban environmental systems. The use of cloud-based systems was proved 

effective in the acquisition of the spatiotemporal dynamics of pollutants. Specifically, satellite-based 

measurements made with the help of GEE have demonstrated significant drops in the levels of NO2 and other types 

of particulate matter in countries like Turkey during the lockdowns created by the COVID-19 virus, therefore, 

creating a direct correlation between the reduced anthropogenic activity and the improvements of the quality of air 

(Ghasempour, Sekertekin, & Kutoglu, 2021).The study is expected to establish strong relationships between land 

use land cover (LULC) change processes and air quality degradation, which will be the basis of evidence-based 

policy interventions. Finally, the knowledge can be used to guide sustainable urban development policies in one 

of the most populated urban areas in the world and make sure that the urban growth is properly aligned to the 

pollution reduction strategies and the protection of public health (Mohammad et al., 2025). 

 

2. Methodology 

2.1 Study area 

The Detailed Area Plan (DAP) of Dhaka covers 1,528 square kilometers and is located at coordinates 23.7°N, 

90.4°E. It houses over 23 million people, making it one of the world’s most densely populated areas.  

 

Figure 1: Study Area Map 
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Figure 1. Shows the DAP region which faces rapid urbanization, traffic congestion, and unregulated development, 

resulting in severe air pollution in the whole Dhaka. Also polluted smoke from brick kilns, vehicular emissions, 

and dust contributes into worsening the air quality. This area’s complex air quality challenges and immense 

population make it crucial for studying urban air pollution’s health and environmental impacts. 

 

2.2 Data Preparation and Processing 

In order to classify Land Use/Land Cover (LULC) using random forest, a supervised classification approach in 

ArcGIS, two-year Sentinel-2 imagery (2019, 2024) was acquired, processed into four classes, and accuracy was 

then evaluated. Simultaneously, Sentinel-5P was used to retrieve pollutant concentration data (NO₂, SO₂, CO, and 

O₃) for both years using Google Earth Engine (GEE), with PM2.5 being sourced independently in GEE. ArcGIS 

was used to create temporal change maps and annual spatial concentration maps. The Moran's I spatial 

autocorrelation tool was used to identify hotspots for pollutant shift. And also spatial population datasets were 

taken from world pop and overlay with hotspot layer to conduct the population exposure.  Finally, using statistical 

correlation analysis, the relationship between LULC change and pollutant hotspot intensity was evaluated. 

 

Figure 2: Methodological Framework of Study 

2.3 LULC classification  

The Gini index is typically used as the optimal split selection metric in Random Forests (RFs) for supervised 

classification. The best split selection metric is the index, which measures the impurity of an element relative to 

the other classes. For a given training dataset T, the Gini Index can be expressed as: 

 

∑  𝑖 ∑  𝑗≠𝑖 (
𝑓(𝐶𝑖,𝑇)

|𝑇|
) (

𝑓(𝐶𝑗,𝑇)

|𝑇|
)                                                                  (1) 

Where 
𝑓(𝐶𝑖,𝑇)

|𝑇|
represents the likelihood that a randomly selected instance belongs to class𝐶𝑖, by using a specific set 

of features, the decision tree is allowed to expand to its fullest depth, without the application of pruning strategies. 

Research indicates that the focus is often on the choice of pruning techniques rather than selecting the most 

informative features, even though the latter significantly affects the performance of tree-based models (Mingers, 

1989; Pal & Mather, 2003) In this context, random forests (RF), which do not rely on pruning during their growth, 

can offer a distinct performance advantage. 

2.4 Accuracy Assessment 

Remote sensing requires precision for dependable classification output to make informed environmental decisions. 

In this study, the overall accuracy stood at 81.62% in 2024 and 88.60% in 2019, thereby demonstrating how well 

the mapping of land cover classes has been achieved.   

Table 1: Confusion Matrix of LULC 

Year Waterbody Build Up Vegetation Bare land 
Overall 

Accuracy 
Kappa 

Coefficient 

2024 
PA 0.95 0.77 0.76 0.77 

81.62% 0.754 
UA 0.86 0.86 0.89 0.65 

2019 
PA 0.89 0.91 0.95 0.79 

88.60% 0.847 
UA 0.94 0.9 0.86 0.84 
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Reliable accuracy instills confidence in mapping and change detection as well. Here PA means producers accuracy 

and UA means Users Accuracy which is shown in Table.1  

 

2.5 Concentration of Pollutants 

The choice of SO₂, CO, NO₂, O₃, and PM₂.₅ as major pollutants that shall be considered in satellite-based 

environmental studies is very well justified; these are normal air quality indicators observed by Sentinel-5P 

TROPOMI, details furnished by (Veefkind et al., 2012). Data for SO₂, CO, NO₂, O₃ (mol/m²), and model-based 

PM₂.₅ (µg/m³) were extracted from Sentinel 5P TROPOMI and Global satellite by Google Earth Engine for 2019 

and 2024. The raster’s were processed and clipped to the size of DAP Area, Dhaka in ArcGIS. Change detection 

was then carried out using raster subtraction added with zonal statistics.       

 

2.6 Hotspot Detection 

Hotspot analysis was performed to identify significant spatial clustering of changes in SO₂, CO, NO₂, O₃, and 

PM₂.₅ and helping target areas needing intervention. (Anselin, L. 1995) discussed in full detail the formula and 

spatial statistical methodology for hotspot detection using Moran’s I. It is expressed as:  

 

𝐼 =  (
𝑛

𝑊
) ∗

[ 𝛴ᵢ 𝛴ⱼ 𝑤ᵢⱼ (𝑥ᵢ − 𝑥̄)(𝑥ⱼ − 𝑥̄)]

[ 𝛴ᵢ (𝑥ᵢ − 𝑥̄)2]
                                                           (2) 

 

Where n is the number of features, W is the sum of all spatial weights, and wᵢⱼ represents the spatial relationship 

between features i and j. 

 

2.7 Correlation between LULC change and pollutants change         

Pearson correlation will analyze the relationship between land use/land cover (LULC) changes from 2019 to 2024 

with changes in the locations of pollutant hotspots, since results will reveal how land cover dynamics drive or 

impede the level of pollution. The analysis will quantify how strong and in which direction these two factors are 

related; thus, it will guide environmental management and policy decisions. Accoding to (Zar, 1999), the formula 

is: 

𝑟 =
∑  (𝑥𝑖−𝑥‾)(𝑦𝑖−𝑦‾)

√∑  (𝑥𝑖−𝑥‾)2 ∑  (𝑦𝑖−𝑦‾)2
                                                                (3) 

Where 𝑥𝑖 and 𝑦𝑖  are paired data values of LULC and pollutant changes. 

3. Result  

3.1 LULC Classification and Change Detection 

Using Supervised Classification with Google Earth Engine to generate images for LULC maps for 2019 and 2024, 

restricted to four major classes representing Waterbody, Built-up, Vegetation, and Bareland. These were validated 

using a 250-accuracy assessment training point per class collected through stratified sampling. The map for 2019 

realized an overall accuracy of 89.6% and a kappa coefficient of 0.847, while that for the map in 2024 falls to just 

over four-fifths at 81.6% with a kappa value of 0.754 yet indicating substantial classification reliability. Classified 

images backed by statistical analysis speak distinctly of a change in pattern over the five-year span that took place 

from urban growth accompanied by loss in vegetation. 
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Figure 3: LULC of DAP Dhaka, a) 2019, b) 2024, c) Changed LULC 

LULC maps for 2019 and 2024 representing Waterbody, Built-up, Vegetation, and Bare land were created using 

supervised classification of Sentinel-2 imagery in Google Earth Engine. For each class, 250 training points 

distributed across the study site using stratified random sampling. Accuracy assessment from the training data 

indicated an overall accuracy of 89.6% (Kappa 0.847) in 2019 and 81.6% (Kappa 0.754) in 2024. There are 

statistically significant LULC changes in the study area: Waterbody decreased by 17.7%, Bare land by 24%, Built-

up increased by 17.5%, and Vegetation by 32%. These results reveal rapid urban expansion and reclaiming of 

vegetation, while lying as a decrease in open bare areas, while water bodies.      

 

 
Figure 4: Pollutants Concentration Maps in Dhaka DAP 

 

The Dhaka DAP area's land use and land cover (LULC) analysis from 2019 to 2024 reveals some significant 

changes. The built-up areas have clearly expanded, growing from 373.33 to 438.75 square kilometers. Conversely, 

bare land and waterbodies have shrunk from 586.96 to 446.07 square kilometers and 214.02 to 176.20 square 

kilometers, respectively. This suggests that more land is being turned into areas that have been developed. In 

addition, the area covered by vegetation has increased from 353.96 to 467.23 square kilometers. This change 

provides the alert that is required to monitor land management in Dhaka. 

 

3.2 Change in pollutant matters 

Among SO₂, CO, NO₂, PM₂.₅, and O₃, the spatial distribution of air pollutant concentrations throughout the Dhaka 

DAP region in 2019 and 2024 revealed notable spatial and temporal variations. In 2019, SO₂ concentrations were 

highest in Gazipur City Corporation, Dhaka North City Corporation, Basta Union, and Savar, with a maximum 

value of approximately 0.000278992 mol/m². By 2024, the SO₂ maximum was confined solely to Gazipur City 

Corporation, nearly doubling to 0.000545503 mol/m².With concentrations around 0.0434829 mol/m², CO hotspots 

in 2019 were found in Dhaka North City Corporation, Biralia Union, and Konda Union. Pathalia Union, Kalatia 

Union, and Ruhitpur Union had the highest values in 2024 at 0.0435587 mol/m², suggesting a slight rise.For NO₂, 

Narayanganj City Corporation and Gazipur recorded the 2019 peak concentration of 0.000230783 mol/m², then 
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moved entirely to Gazipur City Corporation in 2024 with an increased value of 0.000262768 mol/m².Kaundia 

Union had the greatest PM₂.₅ concentration in 2019, but Narayanganj City Corporation showed the highest value 

in 2024, reaching 479.922 µg/m³. O₃ concentrations in 2019 peaked at 0.119727 mol/m² in Kaundia Union and 

Gazipur City Corporation, but in 2024, Gazipur City Corporation showed the highest value of 

0.12165 mol/m².These trends show that, in addition to intensity changes, pollutant hotspots also underwent 

geographic redistribution with certain pollutants showing concentration changes toward particular metropolitan 

regions. 

 
Figure 5: Pollutants Concentration Maps in Dhaka DAP 

 

Figure 5. shows how the distribution of air pollution within the Dhaka DAP area is dynamic. This is probably 

because there were different sources of pollution, changes in land use, and different weather conditions over the 

study period. 

 

 
 

Figure 6: Union wise pollutants concentration change 

 

The changes in the concentration of air pollution across unions and City Corporation of Dhaka DAP region between 

2019 & 2024 are significant. Gazipur City Corporation, Dhaka North City Corporation, and Pirijpur Union have 

recorded the highest increases in pollutants (Figure 6.) for multiple pollutants. It can be inferred that industrial 
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activities, urban development, and traffic density within these metropolitan areas are more intensified hence a more 

concentrated emission source that raises the level of PM₂.₅, SO₂, NO₂, CO, and O₃ compared to peripheral unions. 

 

3.3 Hotspot Analysis of pollutants 

The spatial autocorrelation of Dhaka DAP's total air pollutant concentrations showed statistically significant 

clustering. As depicted in Fig. 5, hot spots and cold patches were not evenly distributed spatially. Cold patches 

predominated in the middle, northwest, and northeast parts of the DAP region, whereas hot spots were mostly 

found in the southwest, southeast, and north central areas. Altogether, 465 hot spot cells (HH) were discovered (28 

at 90%, 61 at 95%, and 376 at 99%), while 659 cold spot cells (LL) were discovered (58 at 90%, 87 at 95%, and 

514 at 99%). The non-significant areas, mostly found in the study region's core, totaled 499 cells.  

 

 
Figure 7: Hotspot Map of Air Pollution in Dhaka DAP 

 

The spatial pattern reveals that, whereas cold spots abound in the center metropolitan areas, hot spots linked to 

pollutant change are more frequent around the DAP's edge. 
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3.4 Correlation between LULC change and pollutants change    

 
Figure 8. Percentage Distribution of Air Pollution Levels Across Population Density Classes 

 

Figure 6 shows that, medium levels of pollution are most frequent in all categories of population density, 

particularly in the very high category of population density, where 34.5% are under the medium level of pollution. 

It is the highest frequency in the entire matrix, which shows that areas with high population density are more 

frequently associated with moderate levels of pollution. Similarly, the high class of population density also has a 

majority proportion (32.6%) in the medium level of pollution. This trend follows a consistent trend whereby 

densely populated urban areas have average levels of pollution, perhaps due to the cumulative emissions from 

transport, domestic, and commercial sources. 

Remarkably, the very low population density category also contains a high proportion of high (29.9%) and very 

high (30.0%) levels of pollution, a surprising finding in that pollution is not the exclusive domain of population 

centers or urbanized areas. It could be the result of natural factors such as wind-borne pollution, industrial plants 

outside population concentrations, or possibly less adequate pollution control facilities in more thinly populated 

regions. 

By contrast, measuring points of very high population density show comparatively low levels of very high pollution 

(3.2%), initially an unexpected finding. Maybe it reflects the application of measuring strategies able to mitigate 

city hubs efficiently, or else a smoothing effect due to difficulties in the averaging of pixel-based data within large 

metropolitan agglomerations. Another fascinating result is that comparatively more very low pollution levels occur 

(23.1%) in very densely populated areas. 

The matrix also shows that low and medium population densities have quite even patterns across the levels of 

pollution but with a skew towards medium and high pollution. These would be likely to be peri-urban or transitional 

areas, where urbanization expands to meet residual agricultural or open space. It depicts a spatiotemporally 

heterogeneous, non-linear relationship between pollution exposure and population density. Although high 

population density corresponds to intermediate pollution levels, high pollution appears both at highly and low-

density locations because multiple interplay variables (topography, industrial source proximity, land cover) are 

involved. In recognizing such complexity, evidence-based policy interventions may receive higher priority 

depending on local environmental context. 
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Figure 9. Distribution of Composite Air Pollution Levels Across Land Use Land Cover Change and Population 

Density Classes 

 

The spatial trend of concentrations of air pollutants against land use land cover (LULC) change and population 

density was portrayed in the form of a multi-aspect bar plot, as illustrated in Figure 7. 

The results indicate a clear and uniform trend in the range of distribution of pollution levels across different classes 

of LULC change and population density. For areas with extremely low population density, regardless of intensity 

of LULC change, the pixel count within pollution levels was comparatively small. But where both the LULC 

transition and the population density were both high or very high, pixel counts representing high and very high 

pollution levels happened in much larger quantities. Such an indication illustrates how synergistic interaction 

between intensive urbanization and land changing processes is powerful in augmenting pollution levels. In these 

subplots, very high and high pollution level bars were always taller, showing that more pixels are experiencing 

worse air quality deterioration in highly populated and rapidly changing places. 

Consequential to this, subplots that represented low LULC change and low population density classes were more 

evenly distributed in terms of pollution levels without one particular pollution class dominating the others. These 

subplots generally had low pixel counts and were more evenly distributed across all five classes of pollution, 

implying a less extreme or more balanced pollution situation. To the surprise of the investigators, in medium 

population density groups, there were instances, particularly in high LULC modifying plots, in which medium to 

high levels of pollution were experienced more frequently. This means that, even though population density is a 

reliable measure of the pollution level, LULC activities alone result in air pollution, especially where sudden 

changes in land cover types such as loss of vegetation cover or urbanization have occurred. 

Another noteworthy finding is that the most polluted regions were mostly confined to areas of medium to heavily 

dense populations and medium to heavily modified LULC. These findings corroborate proven urban environmental 

processes, whereby combined effect of anthropogenic emissions from densely populated human settlements and 

extensive land transformation, usually from vegetative to impermeable cover, augments pollution accumulation. 

The geospatial co-occurrence of these factors does appear to produce pollution hotspots, delineated by the highest 

density of impaired air quality, graphically represented in the darker and highest bars in respective subplots. 

More broadly, the visualization provides empirical evidence to support the hypothesis that population growth and 

LULC change are major drivers of spatial variability in air pollution. Their influence on pollution is neither one-

way or linear; rather, it results from complex interactions that produce a wide range of environmental patterns in 

places that differ in geography and socioeconomic status.  Thus, this composite form facilitates more precise data 
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on how human-induced changes impact environmental stress, with the potential for more focused planning and 

policy intervention to mitigate the risks of pollution. 

 

3.5 Population Exposure      

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 10: Pollutants Concentration Maps in Dhaka DAP 

 

The map in left represents the population of Dhaka DAP. The red area shows high density and the blue ones shows 

low density of people in that area. The map in the right side presents the population exposure map, which is 

generated by overlaying hotspot map and population map. The high exposure zone represents the people there are 

critically exposed to the high density of air pollutants. According to the statistical analysis of this map, around 

2863250 people are exposed in highly polluted area of DAP. 1526805.772 people are in low polluted zone.  

 

 
4. Discussion 

The current research study produces substantive data concerning both the spatial and temporal characteristics of 

atmospheric pollution and the changes in land use and land cover (LULC) in the area of Dhaka DAP area, which 

is experiencing an extensive urbanization process. The results support a conclusive correlation between the growth 

of built-up regions and poor air quality, specifically, high levels of fine particulate matter (PM 2. 5), nitrogen 

dioxide (NO₂), sulfur dioxide (SO 2), carbon monoxide (CO) and ozone (O₃) (Khandker, Mohiuddin, Ahmad, 

McGushin, & Abelsohn, 2023). These findings support previous academic sources that claim that urban growth 

has a direct effect on air pollution. Among the reasons that lead to the increase in the pollution rates, one can 

include the growth of the levels of automotive emissions, industrial activities, and the loss of green areas (Akimoto, 

2003; Alam, Hossain, Rahman, & Hossain, 2024).In line with these conclusions, the association of traffic-related 

pollutants has been observed to be very strong in other urban settings due to the overlapping sources- such as NO₂ 

and CO concentrations in traffic-related pollutants will vary in tandem but with a strong correlation coefficient of 

0.6 to 0.7, whereas the correlation of such associates with SO₂ or aerosol concentrations which is caused by 

different sources- will be much lower (Al-Alola, Alkadi, Alogayell, Mohamed, & Ismail, 2022). Furthermore, the 

loss of vegetative cover is reported to worsen the deficit in air quality in cities; urban green resources are central 

in reducing air pollution and thermal extremes, and their destruction, as a result, increases the effects of pollution 

(De Carvalho & Szlafsztein, 2019). Urban growth, in the case of Dhaka, has clearly led to a rise in the amount of 

energy consumed, the number of transportation related emissions, and the destruction of green corridors that would 

otherwise help to reduce the effects of pollutants (Gazi et al., 2021). A conspicuous space distribution of pollutants 

is also outlined in the study and follows on the previous research that suggests that the level of pollution is greater 

in densely urbanized areas that are characterized by high population density and massive industry(Begum & 

Hopke, 2018). These observations are also supported by spatial autocorrelation analysis which establishes that the 

hotspots of pollution are filtrated around the edges of the DAP where the urbanization process meets with the 



A. Karmakar, I. R. Asif, S. H. Sahim, S. B. Shahjahan & S. Sarker 

ICCEI 2025 

 

1454 

 

industrial areas (Azad & Kitada, 1998; Haque et al., 2017). Thus, not only the urban development aggravates the 

total pollution but also rearranges the localization of the pollutant’s hotspots. The same observation has been made 

by other scholars who noted that the urban fringe is often the most polluted area in megacities (Gazi et al., 2021). 

In fact, the overall evaluation of the environmental quality in the fast-growing metropolitan regions has revealed 

that densely populated or highly industrialized communities always appear in the poor category of environmental 

quality (Sruthi Krishnan & Mohammed Firoz, 2020). In this study, a Pearson correlation analysis between LULC 

changes and pollutants, the strong positive relationship between the two is identified. The areas with high urban 

development and low vegetation are characterized by high pollutant concentrations (Rahman et al., 2017). This 

fact corroborates the harmful environmental impacts of urban sprawl, which are widely reported in the literature 

on the environment (Alam et al., 2024; Begum & Hopke, 2018). Likewise, the findings are supported by 

multifactorial environmental indices created in other parts of the world, which displays the poor air and ecological 

conditions in the most urbanized areas (Sruthi Krishnan & Mohammed Firoz, 2020). 

This paper highlights the need to have unified urban policies that are able to consider land-use changes and at the 

same time the quality of the environment. These findings suggest that the control of pollution should not just be 

focused on innovative measures related to the source level reduction of emissions but also on the development of 

urban development patterns, the implementation of strategic zoning laws, the protection of green space, and the 

advancement of more environmentally friendly technologies. More importantly, new data-driven tools can support 

these approaches sophisticated predictive algorithms combining earth sensors, meteorological information, and 

satellite images proved to be useful to model the nature of pollution in complex urban environments (Muthukumar 

et al., 2022). Policymakers can prevent the onset of hotspots and develop interventions in time with the help of 

deep-learning-based approaches that have significantly increased the accuracy of 10-day PM₂.₅ prediction in urban 

centers (Muthukumar et al., 2022).  

Moreover, the emphasis of the public health programs must be laid on jurisdictions to which pollution is 

particularly exposed especially in areas where rapid urbanization and industrialization go hand in hand. This is an 

essential approach to a sustainable city setting and protection of the welfare of people living in fast-growing cities 

like Dhaka. It is consistent with the wider scholarly view that sustainable urban development should be able to 

take into consideration environmental health factors: long-term monitoring and spatial mapping (e.g., of pollution 

patterns and other related phenomena like crop yields) is the necessary feedback that feeds into policymaking. As 

an example, sustained remote-sensing measurements of the quality of the air and its downstream consequences 

have informed agricultural and population health policy in South Asia highlighting the need to take concerted 

action to avert reductions in productivity and population wellbeing due to polluted atmospheres (Mohammad et 

al., 2025). To sum up, the three geospatial analytics, time-related trend analysis, and socio-environmental risk 

mapping the triad used in this study can be adopted by megacities that have to deal with air-pollution crisis 

scenarios in South Asia and elsewhere as a copyable scheme of data-oriented urban governance. The policy that is 

based on this strategy must focus on emission-control areas, put stricter regulations on the industrial discharge, 

increase green areas inside cities, and promote the use of better technology to ensure healthier and more resilient 

urban environment. All these measures, with the support of interdisciplinary understanding, will play a significant 

role in pushing the fast-urbanizing cities like Dhaka on a path of sustainable and livable future (Ghasempour et al., 

2021). 

 

 

5. Conclusion 

This study offers valuable insights into how changes in land use and land cover (LULC) affect air quality and 

health in the Dhaka Detailed Area Plan (DAP) region. Using a GIS-based framework and remote sensing 

technology, the research illustrates how rapid urban growth, particularly the rise in built-up areas, directly relates 

to increased air pollution. This is especially evident for pollutants like particulate matter (PM₂.₅), nitrogen dioxide 

(NO₂), sulfur dioxide (SO₂), carbon monoxide (CO), and ozone (O₃). This connection reinforces the idea that 

urbanization significantly worsens air quality, largely due to more vehicle emissions, industrial activities, and 

fewer green spaces that can absorb pollutants. The findings emphasize the urgent need for urban planners and 

policymakers to include environmental health in land use policies to mitigate the harmful effects of air pollution, 

especially for vulnerable populations in crowded areas. With pollutant levels alarmingly high in densely populated 

regions, it is clear that urban growth without adequate environmental protections increases public health risks. The 

study also shows the value of spatiotemporal analysis and statistical tools for creating a repeatable approach to 

tackle similar air quality challenges in other fast-growing megacities, particularly in South Asia. The critical role 

of land use changes in influencing pollutant levels and their spread provides important insights for sustainable 

urban development. This research enhances the understanding of how LULC changes lead to poor air quality and 

highlights the need for proactive steps to reduce emissions, protect green spaces, and improve air quality 

monitoring. As urbanization increases, cities in developing countries like Dhaka must adopt strategies based on 

evidence for urban planning that prioritize emission control and sustainable development. To lessen the negative 

impact of air pollution on public health, this study advocates for stronger, data-driven urban policies that include 
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pollution control measures, stricter rules on industrial emissions, and the promotion of cleaner technologies. 

Furthermore, addressing health risks tied to air pollution requires policymakers to regulate industrial activities 

while also creating and maintaining green spaces that serve as natural shields against pollution. As cities continue 

to grow and urbanize, this research lays the groundwork for future studies aimed at fostering healthier, more 

sustainable urban environments by reducing air pollution and encouraging the development of livable, resilient 

cities. 
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