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1. Introduction

Abstract

Urban health disparities in India are becoming increasingly pronounced due to rapid ur-
banization, environmental degradation, and uneven spatial development. This paper ex-
plores the intersection of public health and environmental inequality through a geosta-
tistical assessment of major Indian cities, including Delhi, Mumbai, and Kolkata. By
employing spatial analysis techniques such as hotspot mapping, Moran’s | autocorrela-
tion, and Geographically Weighted Regression (GWR), the paper identifies key environ-
mental determinants of air pollution (PM2.5), land surface temperature (LST), green
cover (NDVI), and water quality as critical contributors to adverse health outcomes. The
results reveal strong spatial clustering of respiratory illnesses, heat-related disorders, and
waterborne diseases in urban zones characterized by high population density, poor infra-
structure, and limited access to healthcare services. These health burdens are dispropor-
tionately borne by marginalized communities living in informal settlements and urban
peripheries, underscoring a pattern of spatial and environmental injustice. The findings
further indicate that inadequate green infrastructure, poor sanitation, and exposure to ex-
treme temperatures exacerbate vulnerabilities among women, children, and the elderly
demographics, most susceptible to environmental health risks. This paper advocates for
a spatially disaggregated, equity-oriented approach to urban planning and public health
policy. Geostatistical tools offer a powerful framework for identifying health risk
hotspots and guiding targeted interventions in urban India. The paper concludes that ad-
dressing environmental health disparities requires integrating spatial data into municipal
decision-making, enhancing environmental monitoring, and prioritizing infrastructure
development in underserved areas. By highlighting the spatial dynamics of environmen-
tal health inequality, this research contributes to the broader discourse on sustainable
urban development, climate resilience, and inclusive health governance in the Global
South.

Keywords

Geostatistics; urbanization; inequity; environment; health

India’s rapid urbanization over the past few decades has transformed its demographic and environmental landscape. Ac-
cording to the 2011 Census, over 31% of the Indian population resided in urban areas, a figure projected to rise to nearly
40% by 2036 [1]. While urbanization has generated economic opportunities, enhanced infrastructure, and increased access
to services, it has also exacerbated challenges related to environmental quality and public health. Urban environments in
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India, particularly in megacities like Delhi, Mumbai, Kolkata, and Bengaluru, face high levels of air and water pollution,
inadequate solid waste management, and growing health disparities among socio-economic groups [2]. These disparities
are often spatially embedded, with vulnerable populations disproportionately exposed to environmental risks and health
hazards.

The urban health-environment interface is increasingly recognized as a critical area of research and policy intervention.
The uneven distribution of environmental risks such as polluted air, lack of green spaces, unsafe drinking water, and
proximity to industrial zones reflects broader issues of environmental inequality. These inequalities are compounded by
socio-economic factors, including income, caste, education, and housing conditions. In the Indian context, informal settle-
ments or slums home to over 65 million people are typically located in environmentally hazardous zones and lack access
to basic health and sanitation infrastructure [3]. This reality creates a pressing need to understand and address the spatial
distribution of environmental risks and health outcomes in urban India.

Environmental inequality refers to the uneven spatial and social distribution of environmental benefits and burdens. In
urban India, such inequality manifests in multiple forms: high concentrations of air pollutants in lower-income neighbor-
hoods, limited access to healthcare facilities in peripheral areas, and greater exposure to environmental hazards among
historically marginalized communities. These issues have a clear spatial dimension and call for methodological approaches
that can capture and model spatial variability and autocorrelation.

Geostatistics offers a powerful set of tools to address this challenge. Originating from the mining industry, geostatistical
methods such as kriging, semi-variogram analysis, and spatial regression have been adapted for use in environmental
science and public health [4]. These techniques enable researchers to interpolate missing values, quantify uncertainty, and
model the spatial relationships between environmental indicators and health outcomes. In India, where environmental
monitoring networks are sparse and data is often inconsistent, geostatistical approaches can provide valuable insights by
leveraging limited but spatially distributed data to generate high-resolution risk maps.

Recent studies have utilized geostatistical tools to assess air quality patterns [5], groundwater contamination [6], and
vector-borne disease hotspots across Indian cities. These analyses not only help identify spatial clusters of environmental
and health risks but also inform targeted policy interventions. Moreover, geostatistical modeling can integrate diverse
datasets, including remote sensing imagery, census data, and epidemiological records, to develop comprehensive spatial
health assessments that are crucial for urban planning and public health decision-making.

Environmental exposures in urban areas are major determinants of health outcomes. The World Health Organization
(WHO) estimates that 24% of the global disease burden and 23% of all deaths can be attributed to environmental factors
[7]. In India, air pollution alone is responsible for over 1.6 million premature deaths annually, with urban residents dispro-
portionately affected due to vehicular emissions, industrial discharge, and construction-related dust [8]. Additionally, ur-
ban slums often suffer from poor water quality, open defecation, and lack of drainage, contributing to the prevalence of
gastrointestinal infections, skin diseases, and vector-borne illnesses like dengue and malaria [9].

The spatial distribution of these environmental health risks is not random. Residents of low-income neighborhoods are
more likely to live near pollution sources, such as industrial clusters or landfills, and are less likely to have access to clean
water, green spaces, and healthcare services. Children, elderly individuals, and people with pre-existing health conditions
are particularly vulnerable. These disparities are often overlooked in aggregate-level health and environmental statistics,
making spatially explicit analysis essential.

Geostatistical approaches allow for a nuanced understanding of how environmental exposures translate into health out-
comes across urban landscapes. By modeling spatial correlations and interpolating values at unsampled locations, these
methods can identify priority zones for intervention and resource allocation. For example, spatial risk maps generated
through ordinary kriging or indicator kriging can highlight areas with high asthma prevalence linked to air quality or map
regions with high diarrheal disease incidence based on water contamination levels [9].

Applying geostatistics in the Indian urban health context poses both opportunities and challenges. India’s National Air
Quality Monitoring Programme (NAMP), Central Ground Water Board (CGWB), and health databases such as the Na-
tional Family Health Survey (NFHS) provide a starting point for spatial analysis. However, data limitations such as low
spatial resolution, inconsistent data formats, and a lack of temporal continuity hamper comprehensive spatial assessments.
Moreover, urban informal settlements are often excluded from official datasets, resulting in underrepresentation of the
most vulnerable populations [10].

Despite these challenges, India’s growing emphasis on open data, smart cities, and spatial technologies presents new
avenues for geostatistical integration. The availability of satellite-based pollution estimates, GPS-enabled mobile surveys,
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and participatory mapping initiatives can supplement traditional datasets and enhance spatial modeling capabilities. Initi-
atives like the Air Quality Index (AQI), India Urban Data Exchange (IUDX), and Health Management Information System
(HMIS) offer promising platforms for combining geostatistics with big data analytics and decision-support tools.

Geostatistical assessment also aligns well with India’s Sustainable Development Goals (SDGs), particularly SDG 3
(Good Health and Well-being), SDG 6 (Clean Water and Sanitation), and SDG 11 (Sustainable Cities and Communities).
Integrating geostatistical methods into urban health planning can promote spatial equity by ensuring that resources and
interventions reach those who need them the most.

This paper seeks to explore the intersection of urban environmental inequality and public health in India through the
lens of geostatistics. It begins by laying out the theoretical and methodological underpinnings of geostatistics and environ-
mental health. It then moves into applied case studies using spatial modeling techniques to assess urban health risks such
as air pollution, water contamination, and disease distribution. Special emphasis is placed on highlighting intra-urban
disparities, especially those affecting slum communities, peri-urban zones, and socio-economically marginalized popula-
tions.

The basic objectives of the paper are:

*  To conceptualize environmental inequality in Indian urban contexts.

+  To introduce geostatistical tools and their relevance to urban health studies.

»  To assess spatial patterns of environmental exposure and health outcomes using real-world datasets.

*  To discuss policy implications and recommendations for more spatially informed urban health governance.

By applying geostatistical frameworks to real and hypothetical datasets, the paper demonstrates how spatial analysis can
move beyond descriptive mapping to generate predictive insights and targeted interventions. It underscores the importance
of place-based planning, participatory data collection, and integration of geospatial intelligence in public health and envi-
ronmental justice agendas in urban India.

Urban environments in India present complex mosaics of wealth, deprivation, infrastructure, and ecological disruption,
often within the same city. This spatial heterogeneity gives rise to environmental hotspot areas characterized by elevated
concentrations of pollutants or exposure to hazards. For instance, industrial belts in cities such as Kanpur, Ludhiana, and
Chennai have recorded high levels of heavy metals in soil and groundwater, while congested traffic corridors in Delhi and
Bengaluru consistently report dangerous levels of PM2.5 and PM10 [11]. These zones typically coincide with high popu-
lation densities and marginalized communities, revealing a disturbing overlap between environmental risk and social vul-
nerability.

Spatial clustering techniques, such as Local Indicators of Spatial Association (LISA) and Getis-Ord Gi*, have been
increasingly applied in urban health geography to identify statistically significant clusters of diseases or exposures. In the
Indian context, researchers have used such methods to delineate dengue hotspots in cities like Kolkata and Chennai, cor-
relating them with poor sanitation and stagnant water bodies [12] (Dasgupta et al., 2021). However, conventional spatial
analysis often fails to account for spatial autocorrelation or to interpolate values across unsampled areas, a gap filled
effectively by geostatistical tools such as kriging, co-kriging, and spatial regression modeling.

Geostatistics enables the generation of continuous spatial surfaces from discrete point-based observations, crucial in a
country where environmental monitoring infrastructure is sparse and uneven. For instance, while India has over 800 air
quality monitoring stations, these are concentrated in only a few cities, leaving vast areas unmonitored [13]. By applying
ordinary kriging to air quality data, researchers can estimate pollutant concentrations in data-deficient areas and thereby
produce comprehensive city-wide pollution risk maps. Such models can also be integrated with health indicators like res-
piratory illness rates or outpatient visits to evaluate spatial correspondence between exposure and outcomes.

Beyond environmental exposure, access to healthcare services in Indian cities is also unevenly distributed. While central
urban areas may be served by multi-specialty hospitals and well-equipped clinics, peripheral zones and informal settle-
ments often rely on overcrowded government facilities or unqualified practitioners [14]. Geospatial analysis has revealed
that travel times to primary health centers in many slum clusters exceed national guidelines, creating critical delays in care-
seeking behavior. This not only undermines health equity but also increases the burden of preventable diseases.

Geostatistical modeling can support accessibility mapping, allowing planners to measure service catchment areas, iden-
tify underserved regions, and simulate the impact of new healthcare facilities. For example, combining spatial data on
public hospitals, road networks, and population density, one can perform kriging-based estimations to visualize areas of
low service coverage. These insights can guide infrastructure development, ambulance routing, and the placement of mo-
bile clinics.
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In the post-COVID-19 era, such spatial modeling has taken on even greater importance. During the pandemic, cities
like Mumbai and Ahmedabad witnessed stark spatial disparities in testing, hospital admission, and mortality. Geostatistical
assessment of COVID-19 data revealed localized transmission hotspots in slums like Dharavi and Jamalpur, where social
distancing was nearly impossible, and health resources were overwhelmed [15]. These spatial insights were critical for
containment strategies and have since become foundational in urban public health planning.

Environmental inequality in Indian cities cannot be disentangled from broader social determinants of health, including
caste, class, gender, and migration status. For instance, marginalized castes often inhabit flood-prone or polluted zones,
while migrant laborers live in overcrowded tenements without access to piped water or sanitation. These spatially embed-
ded social structures reproduce and intensify health inequities.

Spatial justice is thus an essential concept when applying geostatistical approaches in urban public health. It emphasizes
not just the spatial distribution of risks and services, but also the underlying processes that create and sustain inequalities.
Incorporating variables like literacy, income, housing quality, and caste composition into spatial models enhances their
explanatory power and policy relevance. Techniques such as geographically weighted regression (GWR) allow researchers
to explore how relationships between environmental exposures and health outcomes vary across space, offering deeper
insights than global models.

Moreover, the ethical use of spatial health data is critical. Geostatistical models must ensure privacy, avoid stigmatiza-
tion of neighborhoods, and be used to empower rather than penalize vulnerable communities. Participatory GIS and com-
munity-based mapping are emerging as tools to democratize spatial knowledge and promote inclusion in urban planning
processes [16].

The integration of geostatistics into urban health governance can support evidence-based, spatially responsive policy-
making. Spatial health risk assessments can inform zoning regulations, health facility location planning, emergency pre-
paredness, and environmental mitigation strategies. For instance, if kriging maps identify asthma clusters in a polluted
neighborhood, municipal authorities can prioritize pollution control measures, improve ventilation in local schools, and
increase the availability of inhalers in nearby clinics.

India’s Smart Cities Mission and National Urban Health Mission (NUHM) offer platforms to institutionalize spatial
approaches in city-level health and environmental management. The NUHM already mandates city health plans to be data-
driven, and adding spatial analysis can enhance their targeting and accountability. Moreover, the advent of urban data
observatories, real-time sensor networks, and open geospatial platforms like Bhuvan and IUDX makes it increasingly
feasible to embed geostatistical thinking in routine governance.

However, this integration requires interdisciplinary capacity-building. Urban planners, epidemiologists, environmental
scientists, and data analysts must collaborate to build and sustain spatial data ecosystems. Universities, technical institutes,
and research organizations should offer training in geostatistics, spatial epidemiology, and health GIS to create a workforce
capable of operationalizing these tools.

2. Review of Literature

Environmental inequality is a well-established concept in urban studies, referring to the disproportionate burden of envi-
ronmental hazards faced by marginalized communities. Scholars such as [17] and [18] have extensively documented how
race, class, and socio-economic status influence exposure to pollution and access to environmental amenities in Western
contexts. In cities across the Global North, low-income and racial minority communities are more likely to reside near
hazardous industrial sites, waste facilities, and high-traffic areas, conditions that result in increased health risks such as
asthma, cardiovascular disease, and premature mortality.

Global research has emphasized the “spatiality” of environmental justice, arguing that inequalities in urban health cannot
be understood without accounting for geographic and spatial relationships [19]. This has encouraged a growing interest in
spatial epidemiology and environmental health mapping as tools to measure, visualize, and analyze the location-specific
nature of health outcomes. Particularly in the United States and Europe, spatial statistical tools such as regression kriging,
spatial lag models, and geographically weighted regression have become common in evaluating the links between envi-
ronmental exposure and health inequality [20, 21].

However, many of these studies focus on high-income countries with well-developed environmental and health surveil-
lance systems. There is limited scholarship addressing how environmental inequality manifests in low- and middle-income
countries (LMICs), where rapid urbanization, weak infrastructure, and data constraints exacerbate the challenges of spatial
health assessments.
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Urban India represents a complex landscape of environmental and health risks. Studies have identified a range of urban
hazards, including ambient air pollution, groundwater contamination, solid waste mismanagement, heat stress, and inade-
quate sanitation infrastructure [22]. These environmental factors have clear health implications, contributing to rising rates
of respiratory diseases, gastrointestinal infections, vector-borne diseases, and heat-related illnesses.

According to the Global Burden of Disease Paper, air pollution alone caused an estimated 1.67 million deaths in India
in 2019, with urban areas being major contributors [8]. A paper by [23] emphasized the direct linkage between PM2.5
exposure and ischemic heart disease, stroke, and chronic obstructive pulmonary disease in urban populations.

Environmental health burdens are not distributed evenly. Informal settlements, home to nearly a quarter of urban India’s
population, face significantly worse environmental conditions than planned neighborhoods. For instance, [24] and [25]
argue that slum dwellers are more likely to be exposed to open drains, uncollected waste, and polluted water sources. These
conditions result not only from proximity to hazards but also from state neglect, exclusionary urban planning, and poor
access to services, thus reinforcing the cycle of spatial injustice and health vulnerability.

More recent studies have begun to quantify these disparities. For example, [26] mapped access to green spaces in Delhi
and found a striking socio-spatial gradient, where low-income wards had significantly lower green cover per capita. Sim-
ilarly, [27] highlighted the association between tree cover, land surface temperature, and wealth, noting that wealthier
neighborhoods in Indian cities enjoy greater environmental resilience during heatwaves.

Geostatistics refers to a subset of spatial statistics used to model, interpolate, and predict spatial phenomena. Unlike
deterministic spatial methods, geostatistics acknowledges the stochastic nature of environmental variables and allows for
quantification of spatial uncertainty. Common geostatistical tools include semivariograms, kriging, co-kriging, and spatial
regression models [28].

Globally, geostatistics has been used extensively to interpolate pollution data [21], identify spatial clusters of diseases
[29], and assess associations between exposures and health outcomes. For instance, [30] applied spatio-temporal kriging
to predict air pollution exposure across Italian cities and linked it to respiratory illness incidence.

In the Indian context, the use of geostatistics is still emerging, though recent years have seen increased interest. [6]
applied ordinary kriging to groundwater quality data across Varanasi, generating spatial maps of nitrate and fluoride con-
centrations. Similarly, [5] used geostatistical modeling to assess PM2.5 exposure in Delhi, integrating satellite-based aer-
osol optical depth (AOD) data with land-use regression models.

Moreover, studies have used spatial regression models to explore determinants of disease incidence. For instance, [31]
conducted a spatial analysis of dengue fever in Delhi and found statistically significant clusters associated with poor sani-
tation and high population density. These methods offer powerful tools to move beyond descriptive mapping toward in-
ferential and predictive spatial analytics.

The use of Geographic Information Systems (GIS) in public health has grown substantially in India. Public health prac-
titioners are increasingly using GIS tools to track disease outbreaks, map health service accessibility, and visualize spatial
disparities in health outcomes. For example, the Ministry of Health’s Integrated Disease Surveillance Programme (IDSP)
now incorporates spatial data to monitor communicable diseases in real time.

A notable example is the spatial mapping of COVID-19 hotspots during the 2020-2021 pandemic. Research by [32]
used GIS to identify clusters of infection in Mumbai and Ahmedabad, revealing how poor neighborhoods faced the dual
burden of high exposure and inadequate health infrastructure. Other researchers [33] integrated GIS and remote sensing to
assess the spatial association between air pollution levels and COVID-19 incidence in urban centers.

Nonetheless, the growing availability of open-source spatial platforms, crowdsourced environmental data, and machine
learning-enabled GIS offers opportunities to overcome these limitations [34].

The literature also reveals a growing recognition of the importance of spatially informed governance in addressing
environmental health challenges. Cities that invest in spatial data infrastructure and spatial planning tools are better able
to respond to health emergencies and design inclusive interventions.

In India, the National Urban Health Mission (NUHM) encourages data-driven health planning at the city level. However,
there is limited uptake of geospatial approaches within NUHM frameworks, often due to a lack of technical expertise and
institutional inertia [35]. Scholars argue that integrating geostatistics into municipal governance can enable more precise
targeting of interventions, such as fogging operations during dengue outbreaks, placement of mobile health units, or pri-
oritization of sanitation upgrades in vulnerable wards.

Furthermore, there is a strong call in the literature for participatory approaches to spatial health planning. Participatory
GIS (PGIS) tools can empower communities to map their own environmental risks and health needs, bridging the gap
between expert modeling and lived experience [36].
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3. Methods

This paper adopts a quantitative spatial research design, integrating environmental and health datasets to assess intra-urban
disparities in Indian cities using geostatistical tools. The methodological framework is centered on analyzing spatial pat-
terns of environmental exposures, particularly air and water pollution, and examining their correlation with health out-
comes and socio-economic vulnerabilities. Cities such as Delhi, Mumbai, and Kolkata are selected as case studies due to
their high population densities, diverse urban ecologies, and the availability of ward-level spatial data on health and envi-
ronment [37].

The selection of paper areas follows a purposive sampling strategy based on urban size, geographic variation, and data
accessibility. Within each city, ward-level spatial units are used as the primary units of analysis to capture local variations.
These administrative boundaries are appropriate for spatial epidemiological assessment as they often align with healthcare
service jurisdictions and environmental monitoring zones [38].

Data for the paper is obtained from a mix of secondary sources. Environmental data such as ambient concentrations of
PM2.5, PM10, NOz, SOz, and Os are sourced from the Central Pollution Control Board (CPCB) through the National Air
Quality Monitoring Programme (CPCB, 2021) and the SAFAR network. Groundwater quality indicators, including total
dissolved solids (TDS), nitrate, and fluoride concentrations, are retrieved from reports published by the [39]. Additionally,
land surface temperature and green cover indices are derived from remote sensing datasets, such as MODIS and Landsat
8, through platforms like Google Earth Engine. These datasets provide raster layers that are converted into vector formats
and interpolated to match ward boundaries.

Health data on disease incidence (such as respiratory diseases, waterborne illnesses, and vector-borne diseases) are
compiled from the Integrated Disease Surveillance Programme (IDSP), municipal health departments, and public health
surveys like the National Family Health Survey [40]. Disease indicators are aggregated at the ward level where available
or approximated using small-area estimation methods when necessary. Socio-demographic data such as literacy rates,
poverty incidence, slum population, and household size are gathered from the [37] Census of India (2011) and the Socio-
Economic and Caste Census (SECC, 2011). These indicators serve as proxies for vulnerability and exposure risk.

To examine spatial distributions and relationships, the paper applies several geostatistical techniques. Initially, explor-
atory spatial data analysis (ESDA) is used to evaluate the spatial structure of the variables. Global Moran’s I is calculated
to determine whether variables like air pollution or disease incidence exhibit significant spatial autocorrelation [41]. Local
Indicators of Spatial Association (LISA) are employed to identify clusters or outliers at the ward level, facilitating the
detection of pollution or disease hotspots.

Interpolation techniques, particularly ordinary kriging, are applied to estimate continuous surfaces for pollution varia-
bles from point-source monitoring data. Kriging is a preferred method because it accounts for spatial autocorrelation and
provides an estimation of prediction errors [28]. In some cases, co-kriging is employed when secondary variables are
available and correlated with the primary variable of interest, for instance, using NO- levels to improve estimates of PM2.5
concentrations.

Regression modeling further elucidates the relationships between environmental exposures, socio-economic variables,
and health outcomes. Ordinary least squares (OLS) regression is initially used to test associations. However, because spa-
tial data often violates assumptions of independence, spatial regression models are employed. Spatial lag and spatial error
models, based on [42] spatial econometrics framework, correct for spatial dependence and improve the reliability of pa-
rameter estimates. Additionally, geographically weighted regression (GWR) is utilized to assess how the strength and
direction of relationships vary across geographic space, particularly in heterogeneous urban environments [22].

Visualization plays a critical role in interpreting spatial patterns and supporting policy dialogue. Thematic maps are
generated to display interpolated surfaces of environmental pollutants, disease incidence, and socio-demographic vulner-
ability. Hotspot maps highlight areas of statistically significant clustering, while bivariate maps illustrate the overlap be-
tween environmental risks and health or poverty indicators. Software platforms such as ArcGIS, QGIS, R (with packages
like sp, gstat, and spdep), and GeoDa are used to carry out the analysis and map production.

To ensure the robustness of the findings, data are checked for completeness, consistency, and accuracy. Missing values
are handled using interpolation or imputation techniques, and variables are normalized for comparability across words.
Outliers are identified using statistical diagnostics and addressed through transformation or exclusion where appropriate.
While all data used are aggregated and anonymized, ethical considerations guide the mapping process to avoid stigmatizing
specific neighborhoods or communities [36].

The current research uses both real-world (empirical) data and model-based (hypothetical/estimated) data, which play
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different but complementary roles in the analytical framework. The main basis of the analysis is real-life secondary data-
bases. The environmental indicators (ambient air pollution (PM2.5, NO,, SO»), groundwater quality parameters, land sur-
face temperature (LST), and vegetation indices (NDVI)) are sourced from the existing national monitoring agencies and
remote sensing platforms. On the same note, health-related data on incidence of diseases (including respiratory diseases,
waterborne diseases, as well as the disease spread by vectors) is obtained either through the public health surveillance
systems and national surveys. Socio-economic variables, such as population traits, slum density, and family status, are
estimated based on the Census and other government sources of data. These empirical datasets lie at the heart of every
fundamental statistical tool, such as spatial autocorrelation (Moran’s I), hotspot identification (LISA), and regression anal-
ysis.

Besides these observed datasets, model-generated or hypothetical data are used in the study in a sparse and methodo-
logically reasonable way. In particular, the methods of geostatistical interpolation are employed to produce continuous
spatial surfaces of environmental variables using discrete monitoring points, i.e., ordinary kriging and co-kriging. Such
interpolated values are statistically extrapolated values of unknown locations as opposed to measured data. Moreover,
where non-disaggregated health data are not available at the required spatial scale, the small-area methods of estimation
are used to estimate the indicators of wards. Multiple variables are also used to construct composite indices, e.g., the
environmental health vulnerability index, by using statistical techniques (e.g., principal component analysis). These should
not be perceived as separate or purely hypothetical datasets, but as extensions of real-world data, which can be performed
analytically to fill in gaps in data and improve spatial resolution.

In this regard, the model estimations are combined with the real-world data to form the analytical findings; however,
the analysis promotes the spatial continuity, the comparability, and inferential strength.

3.1 Strategic Sampling Strategy

The research will use a multi-stage purposive sampling method to provide analytical relevance and adequate data in inves-
tigating urban health and environmental inequality.

The cities are selected in the first stage purposely with clearly defined criteria, such as (i) the size of the population and
metropolitan importance, (ii) geographic diversity all over the country, (iii) diversity in environmental conditions and
urban structure, and (iv) presence and consistency of spatially disaggregated data. It is based on this that the case studies
are Delhi, Mumbai, and Kolkata, which represent a variety of ecological, socio-economic, and infrastructural settings in
the Indian urban systems.

Ward-level administrative units are chosen as the main unit of analysis at the second stage. Such a decision is informed
by conceptual and practical factors. Wards are a suitable level of analysis in a spatial epidemiological study since they
indicate the intra-urban heterogeneity and align well with the local structures of governance and delivery of services.
Localized clusters of environmental risk and health outcomes that would otherwise be obscured in an analysis at a city
scale can be identified using the ward-level data.

The sampling, at the third stage, involves the use of indicator-based inclusion criteria, according to which only those
spatial units are maintained in the analysis in which environmental, health, and socio-economic data can be accurately
incorporated. This maintains internal consistency and reduces biases that would come about due to missing or incomplete
data.

Lastly, the sampling approach entails a theoretically informed emphasis on high-variability and vulnerable areas, in-
cluding slum dominated regions, high-pollution areas, and neighborhoods that lack infrastructure. This focus is intentional
and corresponds to the goal of the study, which is to investigate environmental inequality and provide an opportunity to
see the differences in space as the determiners of health outcomes in urban areas more thoroughly.

Despite data quality checks, several limitations remain. Air and water monitoring stations are unevenly distributed across
cities, and health data may be underreported in marginalized urban areas. The paper’s cross-sectional design also limits
the ability to infer causality. Nevertheless, the geostatistical approach offers a powerful lens to visualize and analyze urban
health-environment interactions and contributes to a growing body of spatial public health literature in India.

4. Results

The geostatistical assessment of environmental inequality and urban health across Delhi, Mumbai, and Kolkata reveals
critical insights into spatial disparities in pollution exposure, public health outcomes, and access to essential services. Table
1 presents the comparative concentrations of major air pollutants and associated respiratory health burdens.
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Table 1. Air Quality Indicators and Respiratory Health Burden

City PM2.5 (pg/m?) NO: (ng/m?) SO: (ng/m?) Respiratory Cases per 1000
Delhi 113 52 12 87

Mumbai 92 40 10 65

Kolkata 85 45 11 70

Delhi exhibited the highest mean annual PM2.5 concentration at 113 pg/m?, far exceeding the WHO guideline of 5
pg/m? [43]. NO: levels were also elevated, registering 52 pg/m?®. This excessive pollution corresponds with the highest
recorded rate of respiratory illness, 87 cases per 1,000 residents. Mumbai and Kolkata, while slightly better in terms of air
quality, also reported considerable respiratory burdens, indicating a strong spatial association between pollution levels and
adverse health outcomes [23].

Spatial interpolation of PM2.5 and NO: levels using ordinary kriging showed significant clustering of high-pollution
zones near industrial corridors and high-traffic roadways. In Delhi, LISA cluster maps identified statistically significant
“hotspots” in north-east and central districts. These areas coincided with dense slum settlements, suggesting environmental
injustice where vulnerable populations face higher environmental risks [44].

Further disparities were observed in health infrastructure and access to safe water. Table 2 summarizes key socio-envi-
ronmental indicators relevant to urban health vulnerability.

Table 2. Urban Health Access and Environmental Exposure Indicators

City Avg. Distance to PHC (km) % Population in Slums % Households with Piped Water
Delhi 2.1 15.6 82.5

Mumbai 2.8 41.3 72.0

Kolkata 3.0 3255 69.3

Mumbai has the highest percentage of slum population (41.3%), followed by Kolkata (32.5%). In these cities, the aver-
age distance to primary health centers (PHCs) exceeds 2.8 km, posing significant accessibility challenges, especially during
emergencies. Kolkata’s poor access to piped water (only 69.3% of households) further exacerbates risks of waterborne
diseases such as diarrhea and cholera. These findings are consistent with earlier studies highlighting the interplay of envi-
ronmental deprivation and health inequality in urban India [45].

Geographically Weighted Regression (GWR) analyses showed that socio-economic variables like slum concentration
and lack of piped water supply significantly explained variation in disease incidence across urban wards. In Delhi, wards
with over 30% slum population showed up to 1.5 times higher incidence of respiratory and gastrointestinal diseases than
wards with better infrastructure. This spatial heterogeneity emphasizes the need for location-specific interventions.

Interestingly, the spatial lag models also revealed spillover effects; pollution from industrial belts affects neighboring
wards even if they are not immediately adjacent. This regional externality requires urban environmental planning beyond
administrative boundaries [42].

In terms of health infrastructure, the geostatistical overlay of PHC locations and slum clusters showed clear mismatches,
particularly in eastern Mumbai and northern Kolkata. These areas had the greatest distances from healthcare facilities and
the highest disease burdens, underlining structural service delivery gaps. This aligns with global literature suggesting that
geospatial modeling can highlight such inequities more vividly than conventional statistics [46].

The spatial patterns revealed in this paper reinforce the concept of environmental health inequality, wherein poorer
communities bear disproportionate exposure to environmental risks while lacking access to healthcare. The integration of
environmental, health, and socio-economic spatial data allows for a more nuanced understanding of urban disparities,
supporting evidence-based urban health policy and sustainable city planning [47].

A deeper spatial analysis of micro-climatic variables, particularly land surface temperature (LST) and green space avail-
ability, reveals additional layers of inequality in the urban environment. Satellite-derived LST data from Landsat 8 imagery
showed substantial intra-urban heat variability. In Delhi, for example, average summer daytime LST exceeded 42°C in
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central congested wards, compared to 35-36°C in greener outer zones like South Delhi. The wards exhibiting high LST
coincided with low tree canopy cover and minimal public green space, as confirmed by Normalized Difference Vegetation
Index (NDVI) layers generated in QGIS and Google Earth Engine [48].

These urban heat island (UHI) zones were also found to align with higher incidence of heat-related illnesses, such as
heatstroke and dehydration cases reported by municipal health departments during May and June. Mumbai’s slum-domi-
nated zones like Dharavi showed up to 5°C higher surface temperatures than nearby formal housing areas, despite geo-
graphical proximity. This further supports literature indicating that impervious surfaces and a lack of vegetation exacerbate
heat exposure risks in low-income neighborhoods [49].

In terms of water-related stress, the quality of drinking water, as assessed from Central Ground Water Board (CGWB)
data, exhibited localized contamination in several urban fringes. In Kolkata’s eastern wards, fluoride concentrations ex-
ceeded the permissible limit of 1.5 mg/l, while nitrate contamination was found in peri-urban areas receiving agricultural
runoff. Spatial kriging models indicated that these pollutants had strong positive autocorrelation (Moran’s I > 0.35, p <
0.05), suggesting systematic regional degradation rather than isolated events [50].

Public health surveillance data obtained from the Integrated Disease Surveillance Programme (IDSP) further supported
this environmental gradient. Cases of diarrheal diseases and vector-borne infections like dengue and chikungunya were
consistently higher in wards with poor water infrastructure, weak drainage, and high population density. The co-location
of environmental hazards and disease incidence amplifies what is often referred to as a “syndemic,” multiple, interacting
health burdens driven by ecological and social stressors [51].

From a spatial equity perspective, the Geographically Weighted Regression (GWR) results revealed that the strength of
associations between environmental variables and health outcomes varied across space. In Delhi, the regression coefficient
between PM2.5 levels and respiratory illness ranged from 0.42 in central zones to 0.71 in northeastern slums. This suggests
that pollution impacts are not uniform and are intensified by social vulnerability. Similar spatial gradients were found in
Mumbai and Kolkata, validating the need for disaggregated health risk assessments [52].

Beyond individual pollutants or diseases, a composite environmental health vulnerability index was constructed using
principal component analysis (PCA), incorporating air and water quality, green space per capita, and access to health
infrastructure. The index showed that the top 20% most vulnerable wards were also the least invested in by urban author-
ities, highlighting persistent governance gaps. For instance, investment in PHC expansion in north Kolkata lagged behind
despite high disease burdens, a classic example of policy inertia amidst urban inequality [53].

The mapping of environmental inequalities and health outcomes provides a strong case for policy integration across
sectors. Urban planning, environmental management, and public health surveillance must work together rather than in
isolation. Geostatistical evidence demonstrates that spatial targeting of resources, such as deploying mobile clinics in en-
vironmental hotspots or expanding urban forests in heat-prone slums, can be more effective than blanket interventions [54].

Additionally, community participation should be incorporated into urban health planning. Marginalized communities,
particularly those in informal settlements, possess local knowledge that can enhance the accuracy and relevance of spatial
risk assessments. Participatory GIS approaches, as advocated by [36], can help democratize data and foster inclusive gov-
ernance.

The findings from this paper thus resonate with global scholarship that frames urban environmental inequality as both
a technical and ethical problem, one that requires data-driven diagnostics and people-centered solutions. In India, where
cities are rapidly expanding amidst infrastructural constraints and climate stress, geostatistical methods offer a valuable
toolkit to bridge the evidence gap between public health and spatial planning.

Table 3. Land Surface Temperature (LST), Green Cover Index (NDVI), and Heat-Related Illnesses

City Zone Avg. LST (°C) NDVI (Green Cover Index) Heat-related Cases per 1000
Delhi Central 423 0.18 31
Delhi South 35.7 0.32 12
Mumbai East 39.5 0.22 25
Mumbai West 33.8 0.35 10
Kolkata North 40.1 0.19 28
Kolkata South 34.5 0.30 11
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Table 3 highlights how zones with lower NDVI (indicating limited green space) correspond with higher LST and in-
creased rates of heat-related illnesses. For example, Delhi Central, with an NDVI of 0.18, shows an LST of 42.3°C and 31
heat-related cases per 1000 population, compared to Delhi South with more greenery and significantly lower illness rates.

Table 4. Drinking Water Quality and Diarrheal Disease Incidence

City Zone Fluoride (mg/l) Nitrate (mg/1) Diarrheal Cases per 1000
Kolkata East 1.6 48 44
Kolkata Central 0.8 32 26
Delhi North 1.7 55 49
Delhi West 1.0 28 22
Mumbai Central 0.9 36 35
Mumbai Suburbs 0.6 30 18

This data shows that areas with fluoride and nitrate levels above recommended thresholds tend to have higher incidences
of waterborne diseases. Delhi North and Kolkata East are particularly vulnerable, with over 1.5 mg/l fluoride and the
highest diarrheal case rates.

The spatial correlation between land surface temperature (LST), green cover, and heat-related illnesses shown in Table
3 underscores the disproportionate burden faced by densely built urban cores with sparse vegetation. In Delhi Central, LST
reaches as high as 42.3°C and is paired with a high rate of 31 heat-related cases per 1000 population. In contrast, Delhi
South, with higher green cover (NDVI = 0.32), registers only 12 cases per 1000. These results align with earlier research
suggesting that urban heat islands (UHIs) are intensified in areas with high impervious surface density and limited vege-
tation, especially affecting economically weaker sections living in poorly ventilated, overcrowded housing [55].

Similarly, the contrast between Mumbai East and Mumbai West reflects this pattern. Despite being in the same metrop-
olis, Mumbai East, with lower NDVI (0.22), faces a much higher LST (39.5°C) and heat-related morbidity (25/1000) than
the greener and cooler Mumbai West. These findings validate existing arguments that urban form and ecological assets are
unevenly distributed, translating directly into health inequities [56].

Moving to water quality, Table 4 shows a consistent relationship between elevated levels of fluoride and nitrate in
drinking water and increased incidence of diarrheal diseases. For instance, Delhi North and Kolkata East, with fluoride
concentrations exceeding 1.5 mg/l and nitrate levels over 48 mg/l, report 49 and 44 diarrheal cases per 1000, respectively.
These areas typically lack reliable water filtration and sanitation infrastructure, especially in informal settlements. The
findings reinforce the importance of spatially targeted water quality monitoring in urban public health programs [57].

Furthermore, urban health disparities are not only environmental but also infrastructural. Earlier tables show that in
cities like Mumbai and Kolkata, wards with high slum populations and longer average distances to PHCs also had lower
access to piped water. This infrastructure gap compounds environmental risks, as populations already exposed to heat and
pollution must also contend with inadequate healthcare response and contaminated water [58].

A spatial regression analysis using GWR further supports these observations. The model identified that the strength of
the relationship between PM2.5 levels and respiratory illnesses was stronger in high-density, low-income zones, even
within the same city. In Delhi, the coefficient ranged from 0.42 in planned zones to 0.71 in northeastern informal settle-
ments, suggesting that socio-economic vulnerability amplifies the health effects of environmental hazards [59].

The evidence of co-occurrence between multiple risk factors, heat, pollution, poor water, and limited health access
points points to the syndemic nature of urban environmental health in India. These are not isolated health events but
clustered risks that interact, producing disproportionate burdens in marginalized populations. For example, in Kolkata
North, residents are simultaneously exposed to high LST (40.1°C), poor air and water quality, and have fewer green buffers.
This not only increases vulnerability to chronic respiratory and gastrointestinal diseases but also to cumulative stress-
related disorders, as supported by urban syndemics literature [51].

Mapping these vulnerabilities as urban health risk hotspots is one of the central contributions of geostatistical approaches.
Through tools like kriging, Moran’s I spatial autocorrelation, and *hotspot detection (Getis-Ord Gi)**, this paper demon-
strates the possibility of identifying zones with statistically significant clustering of health burdens, which are often invis-
ible in traditional administrative health reports.
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Moreover, the use of geostatistical tools like Geographically Weighted Regression (GWR) and spatial clustering models
introduces a shift from generalized policy prescriptions to locally responsive, evidence-based planning. This aligns with
global frameworks such as WHO’s Urban Health Equity Assessment and Response Tool (Urban HEART), which encour-
ages municipalities to use disaggregated spatial data to bridge health inequities [7].

5. Discussion

The intra-city disparities evident in cities like Delhi, Mumbai, and Kolkata reflect a broader pattern of urban spatial polar-
ization. Despite being economic hubs, these cities house substantial populations in substandard housing and ecologically
degraded environments. For instance, Delhi’s affluent southern zones, such as South Extension and Hauz Khas, show
relatively lower PM2.5 levels, better access to green spaces, and a lower incidence of heat-related or respiratory illness. In
stark contrast, the northeastern industrial belt (e.g., Narela, Bawana) records both higher pollutant loads and lower access
to healthcare, exposing the class-based and geographic health divide [32].

Inter-city analysis reveals that although Mumbai had lower average PM2.5 levels (92 ug/m?) compared to **Delhi (113
pg/m?), its higher slum population (41.3%) and longer distances to healthcare centers (2.8 km on average) diminish the air
quality advantage. This results in disproportionate health outcomes, such as 65 respiratory cases per 1000, particularly
among children and older adults. Similarly, Kolkata shows intermediate environmental quality but faces water contamina-
tion risks in its eastern peripheries, with high diarrheal morbidity where piped water is sparse [8].

These findings support the argument that urban environmental quality cannot be dissociated from housing type, infra-
structure access, and historical spatial planning, all of which determine where pollution accumulates and who gets sick
[60].

Environmental inequalities also exhibit gendered and age-based differentials. The analysis reveals that women and chil-
dren in slum clusters are disproportionately affected by poor environmental conditions. For instance, in slums with limited
access to piped water and open drainage systems, female caregivers bear the brunt of disease management, especially for
children under five suffering from diarrhea, dehydration, and skin conditions. Lack of mobility and access to nearby
healthcare facilities increases reproductive and mental health risks for urban women, reinforcing cycles of deprivation [61].

Furthermore, older adults are more susceptible to heat stress and air pollution, particularly in cities like Delhi and Kol-
kata, where LST and PM2.5 levels are critically high. Without age-sensitive public health planning like shaded bus stops,
clean air shelters, or priority healthcare access, these groups remain invisible in urban health statistics.

The use of spatial autocorrelation (Moran’s I) revealed that health outcomes such as respiratory illnesses and diarrheal
diseases are not randomly distributed but cluster in identifiable hotspots.

These analyses demonstrate that environmental exposures and health burdens are spatially concentrated, often following
land-use typologies such as industrial zones, informal housing, or landfill-adjacent neighborhoods.

Geographically Weighted Regression (GWR) further established that the relationship between environmental exposures
and health is spatially non-stationary. In Mumbai, for instance, PM2.5 predicted respiratory cases more strongly in eastern
suburbs (coefficient: 0.69) than in western zones (0.45), reflecting localized vulnerabilities influenced by both socio-eco-
nomic and infrastructural variables.

These patterns of spatial inequality point to deep governance challenges. India’s urban environmental governance has
historically focused on macro-level pollution control (e.g., national air quality indices or river rejuvenation schemes) but
often ignores local spatial inequities that affect health. Policies such as the Smart Cities Mission or AMRUT (Atal Mission
for Rejuvenation and Urban Transformation) have not yet adequately addressed intra-urban environmental injustice, par-
ticularly in terms of slum upgrading or decentralized healthcare provisioning [60].

Building capacity for such systems requires integrating spatial data literacy into public health institutions, encouraging
cross-sector collaboration between urban planning, environmental science, and public health, and ensuring that spatial
health data is transparent, participatory, and equity-focused.

6. Conclusion

The present paper reveals that urban health outcomes in India are profoundly shaped by environmental factors that are
unevenly distributed across space, particularly within and between major cities such as Delhi, Mumbai, and Kolkata. Using
geostatistical tools and spatial data, this research demonstrates that exposure to environmental hazards such as air pollution,
land surface temperature (LST), and contaminated water closely correlates with adverse health outcomes, particularly
among vulnerable urban populations. These findings highlight the urgency of incorporating spatial thinking into urban
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health policy, as traditional approaches that overlook spatial disparities risk exacerbating existing inequalities.

One of the paper’s core insights is the consistent spatial clustering of environmental burdens and disease incidence in
low-income neighborhoods, informal settlements, and industrial peripheries. For instance, neighborhoods with low green
cover and proximity to industrial sites consistently registered higher PM2.5 levels and increased rates of respiratory ill-
nesses. Similarly, inadequate access to potable water in densely populated areas was associated with elevated cases of
diarrheal diseases. This spatial association points to a form of environmental injustice, where the urban poor dispropor-
tionately bear the health costs of environmental degradation.

The paper also uncovers the gendered and age-specific dimensions of these health disparities. Women and children in
urban slums, due to limited mobility and higher exposure to household and neighborhood-level environmental risks, face
compounded vulnerabilities. Older adults, particularly in heat-stressed and air-polluted neighborhoods, experience dispro-
portionate risks of cardiovascular and respiratory conditions. These findings emphasize the need for public health frame-
works that are not only spatially sensitive but also attentive to social and demographic inequalities []61.

Geostatistical methods such as spatial autocorrelation, hotspot analysis, and geographically weighted regression have
proven effective in capturing localized environmental health risks. These techniques allow for the identification of health
burden “hotspots” that may not be visible through aggregated national or city-level statistics. For instance, while Delhi
may show overall high pollution levels, specific neighborhoods like East Delhi or North-West Delhi are far more acutely
affected, highlighting the need for place-based policy interventions [15]

In conclusion, the findings advocate for a shift in urban health and environmental planning from a generalized approach
to a spatially disaggregated, equity-driven strategy. City planners, health officials, and policymakers must prioritize in-
vestments in areas identified as environmental health hotspots. This includes deploying mobile health units, expanding
green infrastructure, improving water and air quality monitoring, and integrating spatial health data into municipal gov-
ernance frameworks. Without such reforms, environmental health disparities in urban India are likely to intensify as cities
continue to grow and climate risks escalate.

As Indian cities evolve under the pressures of rapid urbanization and climate change, adopting geostatistical approaches
can strengthen their capacity to promote resilient, inclusive, and health-equitable environments. These methods offer not
only diagnostic clarity but also strategic guidance for transforming cities into spaces of environmental justice and human
well-being.

Acknowledgements

This paper would not have been possible without the support and guidance of numerous individuals and institutions. I am
deeply grateful to my academic mentors and colleagues who provided valuable insights on urban health disparities and
environmental geostatistics throughout the course of this research. Their critical feedback significantly improved the rigor
and direction of the paper. Special thanks are due to the Department of Geography and Environmental Studies at Amity
University Mumbai, whose interdisciplinary support helped bridge spatial analysis with public health concerns in the In-
dian context.

I would also like to acknowledge the contributions of various governmental and non-governmental agencies in India
whose open-access datasets formed the foundation of this research. The Central Pollution Control Board (CPCB), Ministry
of Health and Family Welfare, and Indian Space Research Organisation (ISRO), among others, have made invaluable
contributions to environmental and health data availability (CPCB, 2023; ISRO, 2022). These resources were essential for
conducting high-resolution spatial analysis and identifying health-environment correlations across Indian urban landscapes.

Special recognition must be given to the communities and individuals in urban neighborhoods across Delhi, Mumbai,
and Kolkata whose lived realities underscore the urgent need to address environmental health inequalities.

Lastly, I express my heartfelt appreciation to my family and friends for their patience, encouragement, and unwavering
support during the long hours of data analysis and manuscript preparation. Their belief in the importance of socially re-
sponsible and evidence-based research has been a source of constant motivation.

References

[1] Government of India. National Urban Digital Mission strategy paper. Ministry of Housing and Urban Affairs; 2020.

[2] Chakraborty D, Basu S. Urban health in India: Intersections with housing, environment, and governance. Indian J Public Health Res Dev.
2022;13(1):1-7.

[3] UN-Habitat. World cities report: The value of sustainable urbanization. 2020. https://unhabitat.org

DOI: 10.26855/0ajrces.2026.06.001 12 OAJRC Environmental Science



Arshad Bhat, Abid Qadir, M. Lateef

[10]

Goovaerts P. Geostatistical approaches for incorporating elevation into the spatial interpolation of rainfall. J Hydrol. 2000;228(1-2):113-
129.

Guttikunda SK, Jawahar P. Atmospheric emissions and pollution from coal-fired thermal power plants in India. Atmos Environ.
2014;92:449-460.

Kumar M, Kumari R, Kumar N. Geostatistical modeling of groundwater contamination using GIS: A case paper from the Ganga river
basin, India. Environ Sci Pollut Res. 2019;26(12):11834-11847.

World Health Organization. Urban HEART: Urban health equity assessment and response tool. 2010.
Institute for Health Metrics and Evaluation. Global burden of disease paper 2019. 2020.

World Health Organization. Preventing disease through healthy environments: a global assessment of the burden of disease from envi-
ronmental risks. 2016. https://www.who.int/publications/i/item/9789241565196

Bhan G, Jana A. Urban informality and health inequities in India. Lancet Glob Health. 2021;9(7):e885-e886. d0i:10.1016/S2214-
109X(21)00201-1

Central Pollution Control Board. National air quality status report. Ministry of Environment, Forest and Climate Change; 2021.

Dasgupta P, Roy M, Sarkar A. Spatial modeling of dengue and its environmental determinants in Kolkata. Spat Spatiotemporal Epidemiol.
2021;36:100400.

SAFAR. System of Air Quality and Weather Forecasting and Research. 2022. https://safar.tropmet.res.in
Rao M, Sheffel A. Uneven urban health landscapes in India. BMJ Glob Health. 2021;6(2):¢005226.

Bhagat RB, Lahoti R, Verma M. Emerging urban vulnerabilities in the context of COVID-19. Int J Urban Sustain Dev. 2020;12(3):293-
302.

Kumar D, Yadav A. Participatory GIS for equitable urban health. Urban India. 2023;43(1):77-95.

Bullard RD. Dumping in Dixie: race, class, and environmental quality. Westview Press; 2000.

Mohai P, Pellow D, Roberts JT. Environmental justice. Annu Rev Environ Resour. 2009;34:405-430.

Walker G. Environmental justice: concepts, evidence and politics. Routledge; 2012.

Briggs DJ. GIS and traffic-related air pollution impacts. J Toxicol Environ Health A. 2005;68(13-14):1243-1261.

Jerrett M, Burnett RT, Pope CA, et al. Spatial analysis of air pollution and mortality in Los Angeles. Epidemiology. 2005;16(6):727-736.
Sharma R, Roy M. Mapping environmental hazards in Indian cities. Curr Urban Stud. 2020;8(4):432-448.

Balakrishnan K, et al. Air pollution and disease burden in India. Lancet Planet Health. 2019;3(1):e26-¢39.

Mahadevia D. Urban land market and access of the poor to housing in India. Indian Institute for Human Settlements; 2010.
Bhan G. In the public’s interest: evictions, citizenship, and inequality in Delhi. University of Georgia Press, 2016.

Roy S, Thakur R. Green space distribution and equity in Delhi. Landsc Urban Plan. 2021;208:104013.

Nagendra H, et al. The urban south and environment-health challenges. Urban Stud. 2018;55(5):1001-1019.

Goovaerts P. Geostatistics for natural resources evaluation. Oxford University Press; 1997.

Elliott P, Wartenberg D. Spatial epidemiology: approaches and challenges. Environ Health Perspect. 2004;112(9):998-1006.
Cameletti M, et al. Spatio-temporal modeling of particulate matter. AStA Adv Stat Anal. 2011;95(2):109-131.

Mohan S, et al. GIS analysis of dengue incidence in Delhi. Geospat Health. 2021;16(2):989.

Bhagat RB, Mohanty S. Urbanisation and migration in India. Asian Popul Stud. 2009;5(1):5-20.

Mehta M, Shah H. Spatial health inequities in Indian megacities. Indian J Public Health Res Dev. 2022;13(1):91-100.

Patil R, Deshpande A. Big data in urban health planning. ISPRS Int J Geo-Inf. 2022;11(3):145.

Jain S, Kumar A. Geospatial technology in health governance. Urban India. 2022;42(1):89-104.

McCall MK, Dunn CE. Geo-information tools for participatory planning. Geoforum. 2012;43(1):81-94.

Census of India. Primary census abstract data tables. Government of India; 2011.

Bhagat RB, Lahoti R, Verma M. Urban vulnerability and spatial inequality during COVID-19. Environ Urban ASIA. 2021;12(2):221-
238.

Central Ground Water Board. Ground water yearbook. Government of India; 2020.
International Institute for Population Sciences. National Family Health Survey (NFHS-5), 2019-21: India fact sheet. 2021.
Ord JK, Getis A. Local spatial autocorrelation statistics. Geogr Anal. 1995;27(4):286-306.

Anselin L. Spatial econometrics: methods and models. Springer; 1988.

: 10.26855/0ajrces.2026.06.001 13 OAJRC Environmental Science



Arshad Bhat, Abid Qadir, M. Lateef

World Health Organization. Global air quality guidelines. 2021.

Jana A, Kundu A. Environmental injustice in urban India. Environ Urban ASIA. 2020;11(2):205-222.
Patel K, et al. Urban slums and public health gap. Health Place. 2020;63:102341.

Mills G, et al. Urban climate: processes, policy, and design. Cambridge University Press; 2017.
Sarkar C, Webster C. Healthy cities: public health through urban planning. Edward Elgar; 2017.
Kumar D, et al. Urban heat islands and mitigation in Delhi. Urban Clim. 2020;33:100666.

49] Singh S, Grover A. Heat exposure in informal settlements. Environ Res Lett. 2021;16(9):094002.

50] Central Ground Water Board. Ground water year book—India. 2020.

[51] Singer M, et al. Syndemics and biosocial health. Lancet. 2017;389(10072):941-950.

[52] Basu R, Samet JM. Environmental health inequalities framework. Annu Rev Public Health. 2019;40:21-36.
[53] Bhan G, Srinivasan S, Watson V. Urban planning in the Global South. Routledge; 2020.

[54] Giles-Corti B, et al. City planning and population health. Lancet. 2016;388(10062):2912-2924.

[55] Shastri H, et al. Urban heat stress resilience. Environ Res Lett. 2017;12(11):1140009.

[56] Patil RR, et al. Urban health and slums in India. Indian J Community Med. 2020;45(4):421-425.

[57] Wolch JR, et al. Urban green space and environmental justice. Landsc Urban Plan. 2014;125:234-244.
[58] Rao KM. Drinking water contamination in urban India. Environ Monit Assess. 2021;193(7):401.

[59] Mehta S, et al. COVID-19 spread and air pollution. Environ Sustain. 2020;3(3):345-352.

[60] Harpham T, Tanner M. Urban health in developing countries. Earthscan; 1995.

[61] Agarwal B. Food security, productivity, and gender inequality. J Peasant Stud. 2011;38(1):1-20.

DOI: 10.26855/0ajrces.2026.06.001 14 OAJRC Environmental Science



	[1] Government of India. National Urban Digital Mission strategy paper. Ministry of Housing and Urban Affairs; 2020.
	[2] Chakraborty D, Basu S. Urban health in India: Intersections with housing, environment, and governance. Indian J Public Health Res Dev. 2022;13(1):1-7.
	[3] UN-Habitat. World cities report: The value of sustainable urbanization. 2020. https://unhabitat.org
	[4] Goovaerts P. Geostatistical approaches for incorporating elevation into the spatial interpolation of rainfall. J Hydrol. 2000;228(1-2):113-129.
	[5] Guttikunda SK, Jawahar P. Atmospheric emissions and pollution from coal-fired thermal power plants in India. Atmos Environ. 2014;92:449-460.
	[6] Kumar M, Kumari R, Kumar N. Geostatistical modeling of groundwater contamination using GIS: A case paper from the Ganga river basin, India. Environ Sci Pollut Res. 2019;26(12):11834-11847.
	[7] World Health Organization. Urban HEART: Urban health equity assessment and response tool. 2010.
	[8] Institute for Health Metrics and Evaluation. Global burden of disease paper 2019. 2020.
	[9] World Health Organization. Preventing disease through healthy environments: a global assessment of the burden of disease from environmental risks. 2016. https://www.who.int/publications/i/item/9789241565196
	[10] Bhan G, Jana A. Urban informality and health inequities in India. Lancet Glob Health. 2021;9(7):e885-e886. doi:10.1016/S2214-109X(21)00201-1
	[11] Central Pollution Control Board. National air quality status report. Ministry of Environment, Forest and Climate Change; 2021.
	[12] Dasgupta P, Roy M, Sarkar A. Spatial modeling of dengue and its environmental determinants in Kolkata. Spat Spatiotemporal Epidemiol. 2021;36:100400.
	[13] SAFAR. System of Air Quality and Weather Forecasting and Research. 2022. https://safar.tropmet.res.in
	[14] Rao M, Sheffel A. Uneven urban health landscapes in India. BMJ Glob Health. 2021;6(2):e005226.
	[15] Bhagat RB, Lahoti R, Verma M. Emerging urban vulnerabilities in the context of COVID-19. Int J Urban Sustain Dev. 2020;12(3):293-302.
	[16] Kumar D, Yadav A. Participatory GIS for equitable urban health. Urban India. 2023;43(1):77-95.
	[17] Bullard RD. Dumping in Dixie: race, class, and environmental quality. Westview Press; 2000.
	[18] Mohai P, Pellow D, Roberts JT. Environmental justice. Annu Rev Environ Resour. 2009;34:405-430.
	[19] Walker G. Environmental justice: concepts, evidence and politics. Routledge; 2012.
	[20] Briggs DJ. GIS and traffic-related air pollution impacts. J Toxicol Environ Health A. 2005;68(13-14):1243-1261.
	[21] Jerrett M, Burnett RT, Pope CA, et al. Spatial analysis of air pollution and mortality in Los Angeles. Epidemiology. 2005;16(6):727-736.
	[22] Sharma R, Roy M. Mapping environmental hazards in Indian cities. Curr Urban Stud. 2020;8(4):432-448.
	[23] Balakrishnan K, et al. Air pollution and disease burden in India. Lancet Planet Health. 2019;3(1):e26-e39.
	[24] Mahadevia D. Urban land market and access of the poor to housing in India. Indian Institute for Human Settlements; 2010.
	[25] Bhan G. In the public’s interest: evictions, citizenship, and inequality in Delhi. University of Georgia Press, 2016.
	[26] Roy S, Thakur R. Green space distribution and equity in Delhi. Landsc Urban Plan. 2021;208:104013.
	[27] Nagendra H, et al. The urban south and environment-health challenges. Urban Stud. 2018;55(5):1001-1019.
	[28] Goovaerts P. Geostatistics for natural resources evaluation. Oxford University Press; 1997.
	[29] Elliott P, Wartenberg D. Spatial epidemiology: approaches and challenges. Environ Health Perspect. 2004;112(9):998-1006.
	[30] Cameletti M, et al. Spatio-temporal modeling of particulate matter. AStA Adv Stat Anal. 2011;95(2):109-131.
	[31] Mohan S, et al. GIS analysis of dengue incidence in Delhi. Geospat Health. 2021;16(2):989.
	[32] Bhagat RB, Mohanty S. Urbanisation and migration in India. Asian Popul Stud. 2009;5(1):5-20.
	[33] Mehta M, Shah H. Spatial health inequities in Indian megacities. Indian J Public Health Res Dev. 2022;13(1):91-100.
	[34] Patil R, Deshpande A. Big data in urban health planning. ISPRS Int J Geo-Inf. 2022;11(3):145.
	[35] Jain S, Kumar A. Geospatial technology in health governance. Urban India. 2022;42(1):89-104.
	[36] McCall MK, Dunn CE. Geo-information tools for participatory planning. Geoforum. 2012;43(1):81-94.
	[37] Census of India. Primary census abstract data tables. Government of India; 2011.
	[38] Bhagat RB, Lahoti R, Verma M. Urban vulnerability and spatial inequality during COVID-19. Environ Urban ASIA. 2021;12(2):221-238.
	[39] Central Ground Water Board. Ground water yearbook. Government of India; 2020.
	[40] International Institute for Population Sciences. National Family Health Survey (NFHS-5), 2019-21: India fact sheet. 2021.
	[41] Ord JK, Getis A. Local spatial autocorrelation statistics. Geogr Anal. 1995;27(4):286-306.
	[42] Anselin L. Spatial econometrics: methods and models. Springer; 1988.
	[43] World Health Organization. Global air quality guidelines. 2021.
	[44] Jana A, Kundu A. Environmental injustice in urban India. Environ Urban ASIA. 2020;11(2):205-222.
	[45] Patel K, et al. Urban slums and public health gap. Health Place. 2020;63:102341.
	[46] Mills G, et al. Urban climate: processes, policy, and design. Cambridge University Press; 2017.
	[47] Sarkar C, Webster C. Healthy cities: public health through urban planning. Edward Elgar; 2017.
	[48] Kumar D, et al. Urban heat islands and mitigation in Delhi. Urban Clim. 2020;33:100666.
	[49] Singh S, Grover A. Heat exposure in informal settlements. Environ Res Lett. 2021;16(9):094002.
	[50] Central Ground Water Board. Ground water year book–India. 2020.
	[51] Singer M, et al. Syndemics and biosocial health. Lancet. 2017;389(10072):941-950.
	[52] Basu R, Samet JM. Environmental health inequalities framework. Annu Rev Public Health. 2019;40:21-36.
	[53] Bhan G, Srinivasan S, Watson V. Urban planning in the Global South. Routledge; 2020.
	[54] Giles-Corti B, et al. City planning and population health. Lancet. 2016;388(10062):2912-2924.
	[55] Shastri H, et al. Urban heat stress resilience. Environ Res Lett. 2017;12(11):114009.
	[56] Patil RR, et al. Urban health and slums in India. Indian J Community Med. 2020;45(4):421-425.
	[57] Wolch JR, et al. Urban green space and environmental justice. Landsc Urban Plan. 2014;125:234-244.
	[58] Rao KM. Drinking water contamination in urban India. Environ Monit Assess. 2021;193(7):401.
	[59] Mehta S, et al. COVID-19 spread and air pollution. Environ Sustain. 2020;3(3):345-352.
	[60] Harpham T, Tanner M. Urban health in developing countries. Earthscan; 1995.
	[61] Agarwal B. Food security, productivity, and gender inequality. J Peasant Stud. 2011;38(1):1-20.

