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Abstract
Air pollution in India represents a significant health and economic burden, requiring the development of a
national ambient air quality monitoring framework which is representative, continuous, reliable and
reports real-time data. This paper evaluates the adequacy of the Continuous Ambient Air Quality
Monitoring System (CAAQMS) in India by cross-referencing their spatial distribution with the country’s
population density. The analysis employs a tiered proximity framework comprising a 2 km precision
zone, a 10 km representative zone, and a 50 km proxy radius to estimate population exposure across
varying levels of data fidelity. Results indicate that 40 percent of the national population, approximately
588 million people, reside beyond 50 kilometers of any functional station, with coverage absent entirely
in Ladakh and Lakshadweep. In states such as Himachal Pradesh, over 85 percent of residents fall
outside the 50 kilometer threshold, while even in Delhi, 65 percent of the population lives beyond the
high-precision 2 kilometer zone. Analysis of data reported between January 2021 and December 2025
reveals that infrastructure presence does not guarantee data continuity. While Punjab, Puducherry, and
Nagaland recorded availability above 88 percent, several states reported data on fewer than 30 percent
of days in 2023 and 2024. These gaps in spatial reach and reporting consistency undermine the
reliability of time-series data essential for an analysis of air pollution trends and their subsequent policy
evaluation.

1 Introduction
The adverse impacts of pollution are rising across India, severely affecting its current and future
economic output and human resources. Air pollution significantly contributes to increasing mortality
rates, placing a disproportionate burden on healthcare infrastruc- ture(Abdurrahman et al., 2020; Bharath
et al., 2020; Markandeya et al., 2021). The issue has not only been persistent in Delhi NCR, but also in
various regions of India including Bangalore(Bhagat & Saha, 2021; Govindaraj et al., 2021; Nair et al.,
2023), Mumbai(Ghosh, 2025; Singh et al., 2023), Jaipur(Dadhich et al., 2018; Soni et al., 2018), Chennai
(Chelani, 2016; Rana & Kumar, 2024) and Hyderabad(Gautam et al., 2021; Yeasin et al., 2023). It will be
fair to claim that mitigating air pollution has become one of the primary objectives for both central and
state governments.

There are two methodologies using which air quality data is collected in India. The National Air
Monitoring Programme (NAMP) tracks long-term trends for four pri- mary pollutants (SO2, NO2, PM10,
and PM2.5) through manual sampling conducted twice weekly. This process involves monitoring gaseous
pollutants every 4 hours, PM10 every 8 hours, and PM2.5 over a full 24-hour period, culminating in 104
measurements per year (Central Pollution Control Board, 2024). While NAMP is vital for calculating
annual averages for policy compliance, its reliance on manual collection creates significant temporal
gaps; for instance, the most recent available data under this stream corresponds only to 2023 (Central
Pollution Control Board, 2024). The second methodology, the Con- tinuous Ambient Air Quality
Monitoring System (CAAQMS) provides real-time, hourly data for an expanded suite of pollutants,
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including SO2, NO2, PM10, PM2.5, NH3, CO, and O3. Apart from this, lead, arsenic and nickel are monitored
as a fraction of PM10 and are only undertaken as special monitoring done for Diwali by Central Pollution
Con- trol Board (CPCB). While all these data are important and provide valuable insight to long term
policy making, CAAQMS data is especially essential for identifying localized hotspots and analyzing the
rapid temporal fluctuations characteristic of urban pollution cycles. CAAQMS also serves as the
functional basis for the daily Air Quality Index (AQI) and immediate public health alerts, offering a more
accessible and up-to-date platform for environmental management.

This paper evaluates the adequacy of India’s national CAAQMS by cross referenc- ing its spatial
distribution with high resolution WorldPop demographic data. Adopting a tiered proximity framework
comprising a 2 km accurate radius, a 10 km representative zone, and a 50 km proxy area, the study
estimates population exposure across varying levels of data fidelity.

2 Literature Review
Limited air quality monitoring hinders accurate AQI assessment and subsequent miti- gation across
many regions of India (Roychowdhury et al., 2023). This phenomenon is expected to obscure
unrecognised sources of pollution thus making it hard to make im- provements. Therefore, a more
equitable air quality monitoring distribution is needed. Placement of AQI monitoring sations has been a
subject of research for a long time. Key frameworks include Population Weighted Pollution
Concentration and Weighted Spatial Variability(Munir et al., 2019).Infrastructural deficits and spatial
mismatches are symp- tomatic of broader challenges observed across low- and middle-income
countries, where the deployment of monitoring networks is frequently dictated by economic capacity
and institutional responsiveness rather than environmental problem pressure alone (Schoch et al., 2026).
In the Indian context, recent spatial assessments re-emphasise the severity of this deficit, revealing that
62 percent of the national population resides entirely out- side the 50 km coverage radius of the real-time
CAAQMS grid, leaving millions without reliable daily air quality alerts (Roychowdhury et al., 2023).
Furthermore, the existing monitoring sites are predominantly situated to measure short-term pedestrian
or local- ized traffic exposure, failing to adequately characterize long-term population exposure across
diverse urban and peri-urban micro-environments (Ecole polytechnique fédérale de Lausanne (EPFL),
2021). Establishing the true geographical representativeness of these individual monitoring point
locations remains a complex scientific challenge, as it requires stringent classifications based on highly
localized emission categories, dispersion conditions, and demographic distributions (Spangl et al.,
2007).

To address this evidentiary gap, recent scholarship has turned toward proxy-based estimations to
simulate air quality metrics in regions currently lacking ground-level in- strumentation. Consequently,
there has been an intensification of academic interest in high-resolution, predictive air quality modeling
to identify localized hotspots and tem- poral fluctuations. These predictive frameworks generally follow
three methodological categories: numerical simulation, statistical methods, and machine learning.
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Earlier research on air quality prediction primarily relied on numerical simulation, which uses
mathematical frameworks to model air quality changes based on the chemical and physical processes
in the atmosphere. These models, such as the Nested Air Quality Prediction Modeling System(Wang et
al., 2001), the Weather Research and Forecasting (WRF) model (Liang, 2012; Powers, 2017), and the
Community Multiscale Air Quality (CMAQ) model (Tang, 2017; Yamaji, 2006), typically combine air quality
data with meteorological data. While these models reach a high level of significance, they place heavy
demands on datasets and operate under the assumption that pollutant discharge is constant and
predictable. In reality, emissions are stochastic and occur randomly(Stern, 2008), making these complex
calculations less applicable for continuous assessment.
In response to these inadequacies, Statistical Methods have gained popularity by exploring patterns
within observed data rather than relying on complex meteorological data (U. Kumar & Jain, 2010; J.
Zhang & Li, 2022; W. Zhang et al., 2022; Zhao et al., 2022). These models are computationally efficient
but often assume that dependent and independent variables are linearly correlated(Hao et al., 2021).This
is a relationship that is seldom applicable in complex air quality dynamics. Despite this limitation,
statistical tools like the Auto Regressive Moving Average (ARMA) model have been widely imple- mented
to predict pollutant concentrations at urban traffic sites, such as in Delhi, and multiple linear regression
models have assisted governments in making traffic control de- cisions(U. Kumar & Jain, 2010).
Therefore, statistical methods are not ideal if one wants to deal with missing data in the form of absent
stations and incomplete observations when stations get dysfunctional.

Machine Learning (ML) represents a significant leap forward because these meth- ods perform well even
when the relationship between variables is non-linear (Dai et al., 2022). Hybrid models utilizing multilayer
perception, support vector machines, and land use regression have demonstrated improved
performance across diverse regions. However, standard ML algorithms still have limited capacity for
long-term, multi-step predictions and capturing deep temporal data properties(Zhao et al., 2023). Deep
Learning, a spe- cialized branch of ML, addresses these gaps. For instance, Long Short-Term Memory
(LSTM) networks are highly effective at solving long-distance dependencies, often out- performing
traditional ARMA models in high-density areas(X. Li, 2017). Although these advancements significantly
improve temporal accuracy, a critical challenge remains in analyzing the spatial characteristics of air
quality data. While we can now predict air quality over time with greater precision, analyzing its spatial
nature, how pollution at one site relates to neighboring stations, is still an emerging field. Recent
scholarship indicates that incorporating spatial correlations can markedly reduce prediction errors.

Since ground stations provide only point-based measurements, achieving contin- uous spatial coverage
is difficult regardless of their location (Brauer et al., 2019; Gut- tikunda et al., 2023; Kawano et al., 2025; P.
Kumar, 2025; Mathew et al., 2024). As a result, satellite remote sensing methods have gained significant
popularity in recent years for monitoring PM2.5 concentrations, providing extensive spatial and temporal
coverage, particularly in regions lacking sufficient ground-based monitoring networks (T. Li et al., 2017;
Van Donkelaar et al., 2015; Zhu et al., 2023). Despite the logistical difficulties, ground-based networks are
considered the gold standard for air quality measurement, as they offer direct, real-time, and location-
specific data that are critical for validating satellite-based estimates and for understanding local
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pollution dynamics (Kawano et al., 2025; Verghese & Nema, 2023). However, despite most monitoring
stations being located in urban areas, the overall density of sites in India remains modest, which limits
comprehensive spatial coverage for large-scale air quality monitoring.

3 Data and Methodology

3.1 Data Source
Air quality assessment in India utilizes both manual and continuous methodologies. Uti- lizing these
methodologies, the Central Pollution Control Board (CPCB) publishes air quality data in three forms. The
first form is by releasing live AQI coverage data from Continuous Ambient Air Quality Monitoring
Systems (CAAQMS). The second format is through the daily AQI bulletin, which reports air quality in
different cities and towns each day. These readings are also gathered from the CAAQMS network. The
CAAQMS has expanded significantly, growing from fewer than 50 stations in 2015 to over 220 by 2019
(Sharma & Mauzerall, 2022). As of January 2026, this study identifies 564 functional continuous
monitoring stations across all states and union territories, with the exceptions of Goa, Ladakh, and
Lakshadweep, which lacked operational continuous infrastructure at the time of analysis. The third
format is annual AQI reports, which contain data from manual stations. Manual monitoring infrastructure
remains the primary source of geographic breadth for air quality surveillance. By September 2022, the
Central Pol- lution Control Board (CPCB) reported 883 operating manual stations across 379 cities and
towns, covering 28 states and 7 Union Territories (Roychowdhury et al., 2023). This network expanded by
November 2024, with the National Air Quality Monitoring Pro- gramme (NAMP) operating 966 manual
stations across 419 districts (Central Pollution Control Board, 2024). The monitoring of pollutants is
carried out for 24 hours (a 4- hourly sampling for gaseous pollutants and an 8-hourly sampling for
particulate matter) twice a week, to have 104 observations in a year. The monitoring is carried out with
the help of the CPCB, State Pollution Control Boards (SPCB), Pollution Control Com- mittees (PCC) and
National Environmental Engineering Research Institute (NEERI). The CPCB co-ordinates with these
agencies to ensure uniformity and consistency of air quality data and provides technical and financial
support for operating the monitoring stations(Ministry of Environment, Forest & Climate Change, 2019).
However, data from these stations is not real time nor is it published in daily reports. The most recent
report containing manual station data is from 2023.

The CPCB collects data from its 564 CAAQMS at a high frequency to facilitate real-time air quality
assessment. According to the official protocol, these automated stations are designed to generate and
transmit data every 15 minutes to the CPCB online portal. This raw 15-minute data is then used as the
foundation for all subsequent reporting. On an hourly basis, this data is aggregated to calculate the Air
Quality Index (AQI), which is the primary figure communicated to the public. For a daily value to be
considered valid and reliable for regulatory purposes, CPCB mandates that a station must provide at
least 16 hours of verified data for key pollutants like PM2.5 or PM10. This systematic process, from 15-
minute collection to daily validation, ensures a continuous and automated data stream that, according to
the CPCB, precludes any possibility of human intervention or manipulation in the reported figures .
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3.2 Data Collection
CAAQMS data is publicly accessible through the CPCB portal, where it can be retrieved at either the city
or individual station level. The CPCB is a statutory organization which is part of the Ministry of
Environment, Forest and Climate Change. As of December 2025, it monitored a national network of 564
operational stations. While station-level data was obtained for all identified sites, the dataset contains
gaps; AQI readings are naturally unavailable for periods preceding its commissioning or during intervals
of tech- nical downtime and maintenance of these stations. While the Central Pollution Control Board
Dashboard (2026) mentions a total of Stations as 589, data for only 564 stations is publicly available
from its database at the time of analysis.

Air quality data were collected at six-day intervals corresponding to every 5th, 10th, 15th, 20th, 25th, and
30th day of each month, covering the period from January 2021 to December 2025. This systematic five-
day sampling interval was designed to enable consistent temporal coverage while facilitating the
detection of gaps in data availability from individual stations. The collected data were subsequently
compiled and analyzed to determine the number of valid readings obtained from each station over the
study period. All data were sourced from the Central Pollution Control Board web portal, accessible at
the CPCB website.

To determine the spatial footprint of the CAAQMS monitoring network, station coordinates were
estimated via the Google Maps API based on CPCB locality data, as exact GPS coordinates are not
publicly disclosed. While these represent approximate locations, they enable a systematic assessment
of the reach in the network. The anal- ysis employs administrative boundaries as of January 2026,
comprising 28 states and 8 union territories. Among these 36 entities, Lakshadweep, Ladakh, Daman
and Diu, and Goa lack functional CAAQM stations within their borders. However, geographic prox- imity
provides proxy coverage; Goa is situated near the KHB Colony station in Karwar (managed by Karnataka
State Pollution Control Board), and Dadra and Nagar Haveli is serviced by the GIDC station in Vapi
(managed by Gujarat State Pollution Control Board).

3.3 Methodology adopted for estimating population
coverage
We evaluate the design of air quality monitoring network based on population in different regions of
India. Population estimates are based on the 100mx100m spatial distribution of population in 2020
developed by the WorldPop research programme, based in the School of Geography and Environmental
Sciences at the University of Southampton(Bondarenko et al., 2025). Air quality reported by a station is
understood to be accurate represen- tation of ambient air in its 2km radius, while it can be considered
fairly representative for ambient air 2-10km away from the station. If no major topographical or human-
made features exist then the air quality reported at a station can be considered a good proxy for ambient
air 10-50km away from the station(Roychowdhury et al., 2023). The 2019 UNICEF report “Silent
Suffocation in Africa: Air Pollution is a Growing Menace, Affecting the Poorest Children the Most” uses
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same principle to estimate percentage of children living within a 50km radius of air monitoring stations
(UNICEF, 2019, 2021). To characterize the demographic reach of the air quality monitoring network, this
study employs a spatial buffer analysis based on the above proximity thresholds.

Population coverage is assessed for residents situated within 2km, 10km, and 50km Euclidean (straight-
line) distances from each monitoring station. Technically, these zones are modeled as geospatial buffers
(or circular catchments) centered on coordinates for each station. The aggregate population residing
within these defined geometries is then quantified. In densely monitored metropolitan areas such as
Delhi and Mumbai, where inter-station distances are frequently less than 50km, significant spatial
overlap between buffers occurs. To ensure the statistical integrity of the effective population coverage, a
geometric union is performed on the overlapping buffers. Such a computational ad- justment eliminates
any instances of double-counting, ensuring that individuals situated within the reach of multiple sensors
are accounted for as a single unit in the total coverage estimate.

4 Results

4.1 Spatial Disparities in Monitoring Infrastructure
The geographical distribution of ambient air quality monitoring stations in India reveals significant inter-
state and intra-state disparities in air pollution surveillance infrastruc- ture. The analysis encompasses
monitoring data from 28 states and 8 union territories. These stations are located in 372 districts
nationwide. Maharashtra leads with the most extensive network, closely followed by Delhi (NCT). The
spatial pattern, as depicted in Fig. 1, indicates that CAAQMS stations are densely located in states/UTs
such as

Maharashtra, Karnataka, the NCT of Delhi, and other major urban centers, whereas the northeastern
states, smaller union territories, and remote areas have very limited moni- toring coverage. This is a
heterogeneous distribution of monitoring stations and overlooks the potential of pollution dynamics in
peri-urban and rural landscapes where different emission sources and exposure patterns may prevail.
The analysis reveal several gaps in data: 40% of the national population, approximately 588 million
people, reside more than 50 km from any monitor. While urban centers like Delhi show high regional
pres- ence, over 65% of their residents still live outside the high accuracy 2 km zone. In stark contrast,
states like Himachal Pradesh and Sikkim leave over 85% of their populations unmonitored, while Ladakh
and Lakshadweep lack coverage entirely.

A distinct urban-rural divide characterizes the monitoring network, with approx- imately 73% of stations
located in just 47 major urban districts. Mumbai Suburban district alone hosts 21 stations, while
Bengaluru Urban district contains 14 stations, this indicates a strong correlation between monitoring
density and urban population concen- tration. The Northern Indian states, which are recognised to have
very high pollution levels have multiple stations in Delhi and parts of Uttar Pradesh but sparse infrastruc-
ture in Bihar and West Bengal. Northern and western regions generally demonstrate better monitoring
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coverage compared to eastern and northeastern regions. This points to significant regional disparities in
environmental monitoring investment. At the district level, 214 districts have only one monitoring station,
limiting their ability to capture intra-district spatial variations in air quality.

The current distribution of CAAQMS stations highlights the information gaps that have a negative impact
on air quality management and the development of public health policies. Several states and union
territories lack any monitoring infrastructure, creating blind spots in the national air quality assessment
framework. The current urban-centric approach may underestimate population exposures in rapidly
industrializing peri-urban areas and agricultural regions experiencing crop residue burning.

4.2 Methodological and Data Availability Gaps
Beyond the mere presence of monitoring infrastructure, the completeness and continuity of data
reporting represent equally critical dimensions of air quality surveillance. The heatmap in Fig. 2
illustrates the percentage of days for which AQI data was actually reported by each state since 2021,
revealing stark disparities in data availability. Punjab, Puducherry, and Nagaland emerge as the top
performers, with data availability rates of 90.9%, 90.6%, and 88.2% respectively, indicating relatively
consistent reporting through- out the year. The NCT of Delhi, despite its dense monitoring network,
achieved a data availability rate of 81.3%, while Chandigarh and Mizoram reported 45.9% and 83.5%
respectively. It can be seen that station presence alone does not guarantee continuous data streams for
public health monitoring and policy formulation.

The extent of data completeness reveals a concerning pattern where several states with moderate
monitoring infrastructure exhibit severely limited data availability. States such as Nagaland and Mizoram,
despite having fewer monitoring stations, demonstrate relatively high data completeness, suggesting
that operational efficiency and maintenance protocols significantly influence data continuity. Conversely,
some states with substantial monitoring infrastructure including Karnataka, Haryana, Tamil Nadu show
low data availability rates in atleast four of the five years for which data was collected. This points to
potential challenges in equipment maintenance, data transmission, or reporting protocols. This
disconnect between infrastructure presence and data output points at the need for comprehensive
quality control measures and standardized reporting mechanisms across all states. Without consistent
data availability, even well-distributed monitoring networks fail to provide the continuous time-series
data essential for trend analysis, health impact assessments, and policy evaluation.

4.3 Population Coverage and Accessibility Analysis
The spatial distribution of air quality monitoring infrastructure in India reveals a signif- icant disparity
when viewed through the lens of population coverage. While the national aggregate suggests a broad
reach at the regional level, the density of monitoring stations within immediate proximity to the
population remains relatively low. As shown in Fig. 3, the all India average for population coverage within
a 2 km radius stands at only 3.8% which indicates that for the vast majority of the Indian population,
hyper-local air quality data which is most representative of immediate human exposure is largely
unavailable.
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At the regional scale, the coverage improves significantly, with 60.0% of the na- tional population living
within 50 km of a monitoring station. However, this leaves a substantial 40% of the population in a
monitoring blind spot, where the nearest sensor is over 50 km away. As illustrated in Fig. 3, the transition
from 10 km coverage (18.6%) to 50 km coverage (60.0%) highlights that while regional networks are
expanding, there is a critical need for infrastructure to bridge the gap between regional presence and
local utility.

The performance of individual states varies drastically, as evidenced by the tiered data in Fig. 3. Union
Territories which are urbanized and relatively smaller in area like Delhi and Chandigarh lead the nation,
achieving 100% coverage at the 50 km tier and maintaining the highest 2 km local density at 33.0% and
31.0% respectively. In stark con- trast, large states such as Jharkhand and Himachal Pradesh exhibit 2
km coverage rates well below 1%, reflecting a severe infrastructure deficit in protecting these
populations.

5 Discussion
The spatial distribution of the CAAQMS network reflects a monitoring framework shaped by population
exposure. The evidence behind this is the overwhelming and dispropor- tionate presence of CAAQMS
stations in cities which have large populations. Approxi- mately 73 percent of all stations are
concentrated within 47 urban districts, and while states such as Maharashtra and the National Capital
Territory of Delhi possess dense monitoring clusters, an estimated 588 million individuals comprising 40
percent of the national population reside more than 50 kilometers from any functional station. This
disparity is particularly acute in Ladakh, Lakshadweep, Himachal Pradesh, and Sikkim, where
infrastructure remains insufficient to capture ambient air quality, effectively ex- cluding rural and peri-
urban populations from the national assessment framework. The concentration of stations in
metropolitan districts such as Mumbai Suburban and Ben- galuru Urban, while administratively logical,
leaves these populations without recourse to real-time data, as emission profiles in peri-urban zones
differ substantially from ur- ban cores. Agricultural burning, brick kilns, and unregulated industrial activity
generate pollution dynamics that urban-centric placement is ill-equipped to capture. Although aggregate
statistics indicate that 60 percent of the population now falls within the 50 kilometer threshold, reflecting
incremental improvement since the 2023 baseline estab- lished by Roychowdhury et al. (2023), such
figures obscure localized deficiencies. Spatial reach at the 50 kilometer tier functions as a proxy
measure at best, since station rep- resentativeness degrades considerably with distance, particularly in
regions with varied topography.

The data availability analysis between 2021 and 2025 exposes a structural discon- nect between
monitoring infrastructure and functional surveillance. States with moder- ate station counts, including
Nagaland and Mizoram, sustained higher data completeness rates than several states with far larger
networks, which points to the primacy of oper- ational governance over hardware investment. The
improvement observed in Chhattis- garh and Rajasthan, where availability rose from near zero in 2021 to
above 80 percent by 2025, indicates that institutional attention and maintenance protocols can produce
measurable gains within short timeframes. By contrast, the persistent underperformance of Jharkhand
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and Jammu and Kashmir across all five years of the study period reflects entrenched systemic deficits
rather than transitional technical failures. The implications for time-series analysis are consequential:
irregular and incomplete data records preclude the identification of pollution trends, seasonal patterns,
and the evaluation of policy interventions introduced under the National Clean Air Programme.

The adequacy of an air quality monitoring network cannot be assessed on the basis of station count or
geographic spread alone. Schoch et al. (2026) demonstrate that monitoring density across low- and
middle-income countries correlates with income levels and the character of political institutions,
suggesting that the deficits identified in this analysis are structurally conditioned rather than incidental.
The Indian case illustrates this pattern, where democratic accountability has driven network expansion in
politically visible urban centers while more remote and less electorally salient populations remain
outside the coverage radius. Furthermore, the current monitoring network faces inade- quate data
generation, limited completeness, and poor quality control, and instances of strategic misreporting have
been documented in various global contexts where monitors are placed in relatively cleaner areas to
avoid scrutiny (Schoch et al., 2026). Hybrid mon- itoring approaches that integrate reference-grade
stations with low-cost sensor networks and satellite-derived aerosol optical depth data offer a
methodologically viable path to- ward filling spatial gaps that ground-based infrastructure alone cannot
address within current fiscal and logistical constraints. Strategic deployment guided by emission inven-
tories, population exposure modeling, and land-use classification would allow incremental network
expansion to yield disproportionate gains in coverage relative to cost.

6 Conclusion
The findings of this study confirm that India’s CAAQMS faces structural deficits in both spatial reach and
operational continuity. With 40 percent of the national population, approximately 588 million residents,
located beyond 50 kilometers of any functional sta- tion, the network fails to provide reliable ambient air
quality data to a substantial share of those most in need of health protection. The concentration of 73
percent of stations within 47 urban districts, alongside the complete absence of monitoring
infrastructure in Ladakh and Lakshadweep, reflects a distribution pattern driven by institutional capacity
and population density rather than pollution burden or public health need. At the hyperlocal scale,
national coverage within 2 kilometers stands at 3.8 percent, which means that precise, location-specific
exposure data remains unavailable to the vast majority of the population.

Data availability analysis between 2021 and 2025 further reveals that infrastructure deployment alone
does not translate into consistent surveillance. States such as Jharkhand and Jammu and Kashmir
recorded data availability below 30 percent across the study period, while Maharashtra, despite
operating 97 stations, reported below 35 percent availability in 2021. These patterns indicate systemic
failures in equipment maintenance, data transmission protocols, and quality control. Conversely, states
such as Punjab, Puducherry, and Nagaland demonstrated that high data completeness is achievable
even within networks of moderate scale, suggesting that operational management and institutional
commitment are as consequential as the number of stations deployed.
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Addressing these deficiencies requires a dual policy response. Expansion of the monitoring network
must prioritize underserved states, rural districts, and regions with documented pollution sources that
currently lack coverage. In parallel, regulatory authorities must establish standardized protocols for data
validation and reporting to ensure that existing stations generate continuous, usable time-series data.
The integration of low-cost sensor networks and satellite-derived estimates offers a supplementary path
for bridging spatial gaps in the near term. Without simultaneous investment in both network reach and
data reliability, the CAAQMS will continue to underperform as a foundation for public health
communication and evidence-based environmental governance.

7 Study Limitations
A primary limitation of the present study concerns spatial uncertainty. Because exact GPS coordinates
for the CAAQMS stations are not publicly disclosed, station locations were approximated via the Google
Maps API using available locality data. Although these estimated coordinates provide a reliable baseline
for systematically assessing the broader geographic reach of the network, generating spatial buffers
from approximated centroids introduces a potential margin of error in the population exposure
calculations. Specifically, if a physical sensor is actually situated in a localized area with a significantly
different population density than its corresponding API estimated coordinate, the demo- graphic counts
aggregated within the high precision boundaries (such as the 2 km radius) may inadvertently
overestimate or underestimate the actual population served by that station.
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Figure 1

State-wise distribution of AQI monitoring stations across India.
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Figure 2

State-wise comparison of AQI data availability for the years 2021 to 2025.
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Figure 3

State-wise and National Population Coverage of Continuous Ambient Air Qual- ity Monitoring Networks
across 2 km, 10 km, and 50 km Tiers.
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