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E N V I R O N M E N TA L  S T U D I E S

Improved daily PM2.5 estimates in India reveal 
inequalities in recent enhancement of air quality
Ayako Kawano1*, Makoto Kelp2, Minghao Qiu3,4, Kirat Singh1, Eeshan Chaturvedi1, Sunil Dahiya5, 
Inés Azevedo6,7,8,9, Marshall Burke10,11,12

Poor ambient air quality poses a substantial global health threat. However, accurate measurement remains chal-
lenging, particularly in countries such as India where ground monitors are scarce despite high expected exposure 
and health burdens. This lack of precise measurements impedes understanding of changes in pollution exposure 
over time and across populations. Here, we develop open-source daily fine particulate matter (PM2.5) datasets at a 
10-kilometer resolution for India from 2005 to 2023 using a two-stage machine learning model validated on held-
out monitor data. Analyzing long-term air quality trends, we find that PM2.5 concentrations increased across most 
of the country until around 2016 and then declined partly due to favorable meteorology in southern India. Recent 
reductions in PM2.5 were substantially larger in wealthier areas, highlighting the urgency of air quality control 
policies addressing all socioeconomic communities. To advance equitable air quality monitoring, we propose ad-
ditional monitor locations in India and examine the adaptability of our method to other countries with scarce 
monitoring data.

INTRODUCTION
Exposure to ambient fine particulate matter (PM2.5) is a recognized 
global health concern. India, with its large population and high average 
pollution levels, bears a substantial share of the global health burden 
from poor air quality (1). The health burden of air pollution often var-
ies across individuals and groups with different socio-economic status 
due to differences in pollution concentrations and the increased sensi-
tivity of health outcomes to pollution exposure in lower-income com-
munities (2). While these disparities in air pollution exposure across 
wealth groups have been well documented in high-income countries 
(2–4), evidence from low- and middle-income countries remains lim-
ited, primarily due to sparse air quality monitoring networks, especial-
ly in rural areas, along with a lack of data on wealth at fine temporal 
and spatial resolutions (3). A population-scale understanding of trends 
and exposure to air pollution, including in wealthier and poorer areas 
of low- and middle-income countries such as India, is urgently needed 
to understand and address the impacts of air pollution exposure across 
diverse socioeconomic groups.

Despite recent efforts in expanding the air quality monitoring net-
work in the country, India still faces a great challenge in comprehen-
sive measurement of surface air quality. The Central Pollution Control 
Board (CPCB) initiated the National Ambient Air Quality Monitor-
ing (NAAQM) Network in 1984, beginning with the installation of 
manual monitoring stations, where pollutants are subsequently ana-
lyzed in the laboratory (5). Continuous Ambient Air Quality Moni-
toring System (CAAQMS), which provides real-time data, was first 

introduced in Delhi in 2006 and expanded to other cities after 2016 
(6). The CPCB manages 883 manual stations and 438 continuous 
monitoring stations as of February 2023 (7), and this relatively small 
number of monitors results in a much higher ratio of population to 
continuous air quality monitors in India (3.2 million people per monitor) 
compared to the United States [0.1 to 0.5 million people per monitor 
(8)], EU [0.1 million people per monitor (9)], and China [0.9 million 
people per monitor (10)]. Moreover, most current CAAQMS moni-
tors are situated in populous urban areas where wealthier people 
reside (fig. S1). The government of India has committed to expanding 
the CAAQMS network up to 1000 monitors under the National 
Clean Air Program (NCAP), which started in 2019 (11); however, the 
placement of these additional continuous monitors remains an on-
going policy question, and it is uncertain whether environmental in-
equalities are considered or prioritized in determining their locations.

Previous population-based studies (12, 13) have explored the dis-
proportionate exposure to air pollution and associated health impacts 
in low- and middle-income countries, including India, by using pub-
licly available modeled PM2.5 estimates. One widely used dataset for 
these analyses is global monthly estimates of PM2.5, integrating satel-
lite retrievals of aerosol optical depth (AOD), atmospheric chemical 
transport models, and ground-based measurements (14). While this 
dataset has proven valuable on a global scale, substantial uncertainties 
persist in regions with limited ground monitoring stations, including 
India (14). Furthermore, it is likely that region-specific models could 
substantially outperform global models in measuring air pollution in 
a target region of interest, as has been found in the United States (15).

In addition to the uncertainty in estimating PM2.5 concentrations, 
the coarse temporal resolution of existing datasets (i.e., monthly) hin-
ders the assessment of short-term health effects of PM2.5, such as ef-
fects on all-cause, respiratory, and cardiovascular mortality (16–23). 
Furthermore, monthly estimates fail to capture short-term spikes in 
PM2.5 emissions at the local to regional scales, such as crop residue 
burning. Acknowledging the need for a dataset with finer temporal 
resolution, a growing number of studies (24–26) have worked on de-
veloping daily PM2.5 estimates for India. However, their datasets are 
not publicly accessible, inhibiting their use by both researchers and a 
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host of governmental and non-governmental actors. Using up-to-
date data to comprehensively characterize temporal and spatial trends 
in exposure, and potential differences in exposure by socioeconomic 
status, is also critical for understanding how and why exposures are 
changing and who is being most affected.

Here, we develop an open-source daily PM2.5 dataset at 10-km 
resolution for India over 2005–2023 by training a machine learning 
model to predict the limited available ground monitor data with 
abundant data from remote sensing. Previous studies have used ma-
chine learning algorithms—such as neural networks, random forest, 
and extreme gradient boosting (XGBoost)—to predict ambient 
PM2.5 concentrations (27, 28). Because of the theoretical relation-
ship between satellite AOD and surface PM2.5 (27,  29), satellite-
derived AOD has long been a key input feature used to train machine 
learning models for air pollution measurement, often in combina-
tion with data on meteorology, land cover, elevation, and population 
density (27, 28). However, the substantial amount of missing AOD 
values due to clouds and bright surfaces has posed challenges in re-
ducing predictive errors when estimating PM2.5 concentrations 
through machine learning methods (27, 30). To address this issue, a 
common recent approach involves imputing missing data in AOD 
observations using machine learning methods (24, 25, 31). In addi-
tion, new satellite sensors provide alternative input features for pre-
dicting PM2.5 concentrations without relying on AOD, such as data 
from the Sentinel-5 Precursor (Sentinel-5P) mission’s TROPO-
spheric Monitoring Instrument (TROPOMI) (30, 32, 33). However, 
it is still unknown how much the predictive performance differs be-
tween satellite-derived AOD and TROPOMI-based features in esti-
mating PM2.5 concentrations, and whether the two sources of data 
independently add value in predicting surface PM2.5 concentrations.

To take advantage of both the longer available time series of 
AOD data and information from these newer sensors, we use avail-
able ground monitoring data to train two separate models, which we 
term as the “Full model” and the “AOD model.” The Full model 
combines both moderate resolution imaging spectroradiometer 
(MODIS) AOD (34) and TROPOMI satellite inputs [nitrogen diox-
ide (NO2) (35) and carbon monoxide (CO) (36) along with other 
inputs; fig. S2 and Materials and Methods] and is trained on data 
from July 2018, when TROPOMI features become available, through 
September 2023 (figs. S2 and S3). It produces daily PM2.5 estimates 
across the country for the period corresponding to its training pe-
riod. The AOD model retains all inputs except TROPOMI and 
trains on monitor data beginning January 2015 (figs. S2 and S3) and 
is used to generate daily predictions from January 2005 to Septem-
ber 2023. In both the Full and AOD models, we first fill the missing 
satellite observations in either AOD or TROPOMI using a separate 
machine learning model (see Materials and Methods). The gap-filled 
estimates are then combined with the other features in a second-stage 
model that predicts surface PM2.5 concentrations as measured by 
CAAQMS monitors (n = 435) (fig. S4).

Critically, and in contrast to related work (24, 25), our two-stage 
model is evaluated using spatial cross-validation (CV) (fig. S5)—i.e., 
we evaluate model predictions on entirely held-out monitoring sta-
tions—rather than conventional random CV, in which a given station 
can contribute data to both the training and test sets. This more 
challenging performance metric is meant to ensure that the model 
generalizes to locations where it has no data to train, which is 
most of India. Using spatial CV, we then calculate two performance 
metrics: (i) the total coefficient of determination (R2) or the percent 

of variation in observed PM2.5 explained by model predictions and 
(ii) the “within” R2 (see Materials and Methods) or the percent of 
variation in observed PM2.5 explained by predictions after account-
ing for both differences in average PM2.5 across locations and sea-
sonal differences in PM2.5 within a given location. In essence, the 
within R2 measures whether our model can predict daily PM2.5 
anomalies relative to location- and season-specific averages, rather 
than simply predict spatial or seasonal patterns correctly. This “with-
in” variation is often exploited in studies of the impact of air pollu-
tion of health and related societal outcomes and thus is a highly 
relevant, if rarely reported, performance metric.

We use model-derived predictions to better characterize nation-
wide air quality trends, including inequalities in PM2.5 exposure by 
wealth levels and to identify locations with extreme PM2.5 concen-
trations. We then use our predictions, along with emissions invento-
ries, meteorological data, and administrative data on national air 
quality programs to better understand why pollution concentrations 
are changing. This includes, to our knowledge, the first evaluation of 
whether the recently adopted NCAP is improving air quality in tar-
geted areas relative to a comparable set of nontargeted areas. Subse-
quently, to address existing disparities in the air quality monitoring 
network in India, we use our PM2.5 estimates and compressed sens-
ing methods (see Materials and Methods) (37) to identify strategic 
locations for a new set of air quality monitors, aiming to maximize 
the network’s ability to capture variability in surface air pollution 
across both wealthier and lower-wealth regions. Last, we explore 
how our approach could supplement limited monitor data in other 
low- and middle-income countries by investigating the number of 
air quality monitors required to achieve reasonable model perfor-
mance using our machine learning approach.

RESULTS
Model performance
The spatial out-of-sample performance of the Full model, assessed 
across daily PM2.5 observations in the held-out fold, yielded an R2 of 
0.67 (Fig. 1A). Our model effectively predicts local and temporal 
PM2.5 variation rather than average differences in PM2.5 concentra-
tions between locations, months, or years (within R2 = 0.49) (Fig. 
1A). The AOD model demonstrated a comparable performance, 
with an R2 of 0.64 and within R2 of 0.45 (fig. S6). We further vali-
dated its performance using 376 daily PM2.5 observations from five 
monitors between 1 January 2013 and 31 December 2014. The per-
formance of the AOD model on this dataset resulted in an R2 of 0.54 
and a within R2 of 0.35, indicating moderate predictive accuracy for 
the limited areas during this period. When aggregated at the month-
ly level, our model substantially outperforms the existing publicly 
available monthly PM2.5 dataset (14) when evaluated on monitoring 
data, with an R2 of 0.74 and within R2 of 0.52 (fig. S7). Examining 
location-specific performance, the out of sample within R2 for each 
10-km grid suggests that the northwest, northeast, and south re-
gions exhibit higher within R2 (Fig. 1B) (for the performance of 
AOD model, fig. S8). We find that these differences in regional per-
formance are substantially driven by differences in the level and 
variance of PM2.5 concentrations at the station level and the number 
of air quality monitors within 100 km (fig. S9); performance is much 
higher in locations with higher and more variable PM2.5 and with 
more stations nearby, consistent with the model having an easier 
time learning patterns in these higher signal-to-noise areas.
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Fig. 1. Model performs well out-of-sample and across the range of observed PM2.5 concentrations. (A) Overall performance of the Full model. Colors indicate the 
count of monitor observations, with observed PM2.5 on the horizontal axis and predicted PM2.5 concentrations on the vertical axis. The blue line represents the 1–1 line, 
indicating perfect match between predictions and observations. (B) Out-of-sample model performance in each grid cell with at least one monitor reporting on at least 
5 days. Performance measured using “within R2” after removing local seasonality and year trends. It is calculated over observed PM2.5 using predicted PM2.5 from the Full 
model, in which that station was out of sample, with month of the year and year-fixed effects. (C) Out-of-sample performance of the Full model in predicting daily time 
series of observed PM2.5 concentrations for the entire country, New Delhi, Mumbai, Bangalore, Chennai, and Kolkata. Different y-axis and x-axis scales are used in the fig-
ures to accommodate variations in PM2.5 concentrations and monitor availability across the cities.
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To further evaluate the out-of-sample spatiotemporal perfor-
mance of the Full model in different locations, the daily variations in 
the observed and predicted PM2.5 are compared in five mega-cities 
in India: New Delhi, Mumbai, Bangalore, Chennai, and Kolkata 
(Fig. 1C) (for the AOD model, fig. S10). These five mega-cities are 
selected on the basis of their population size, with each being among 
the most populated cities in India (38). Among these cities, New 
Delhi shows the highest performance, R2 of 0.83 and within R2 of 
0.69 (Fig. 1C). This aligns with our prior analysis on model perfor-
mance because New Delhi demonstrates dense CAAQMS network 
and substantial variance in PM2.5 concentrations (fig. S11), primar-
ily driven by distinct seasonal patterns caused by meteorological 
conditions restricting pollutant dispersion and the concurrent op-
eration of brick manufacturing around Delhi during winter (39, 40).

We observe variations in model performance driven by distinct 
seasonality throughout the year across the winter (December to 
February), spring (March), summer (April to May), monsoon (June 
to September), and post-monsoon (October to November). Both 
the Full and AOD models demonstrate strong performance in dry 
seasons (winter and post-monsoon) (fig. S12). However, their per-
formance declines during spring, summer, and monsoon periods 
(fig. S12), likely the result of clouds introducing noise in the remote-
ly sensed input features during these wetter periods.

We find consistent results in sensitivity analysis, yielding an R2 of 
0.62 and within R2 of 0.44 when the Full model underwent training 
and testing on significantly larger blocks based on latitude (figs. S13 
and S14), which helps rule out the possibility that our high model 
performance is simply being driven by auto-correlation between 
nearby train and test locations. When evaluated using 10-fold ran-
dom CV rather than spatial CV, our model showed notably higher 
performance (R2 of 0.85 and within R2 of 0.72) (fig. S15), highlight-
ing the potential of random CV to overstate model performance on 
critical real-world applications (i.e., accurately predicting variation 
in locations where the model was not trained).

Furthermore, as a result of model comparison using the same 
sets of training and test data from July 2018 to September 2023, 
the Full model reported the highest performance, achieving an R2 
of 0.67 and within R2 of 0.55 (fig. S16). The TROPOMI model, 
which excludes AOD but incorporates other features present in 
the Full model, slightly outperformed the AOD model by 0.01 in 
R2 and within R2 (fig. S16). This suggests that, at least in our set-
ting, TROPOMI data can be a substitute for AOD in predicting 
PM2.5 concentrations, which is perhaps appealing given their lower 
amount of missing data compared to AOD. Nevertheless, the combined 
use of both TROPOMI and AOD features provides the strongest 
predictive power (fig. S16).

The better performance of the TROPOMI model compared to 
the AOD model may seem to contradict the mechanistic expecta-
tion of a stronger relationship between PM2.5 concentrations and 
AOD than between PM2.5 and CO or NO2. However, in our setting, 
observed TROPOMI NO2 is as strongly correlated with PM2.5 mon-
itor data as observed AOD, and observed TROPOMI CO is more 
strongly correlated than AOD, with correlation coefficients of 0.35, 
0.35, and 0.47, respectively, potentially due to the large amount of 
missing data in observed AOD. Furthermore, the stronger correla-
tion between PM2.5 and CO, a by-product of carbon-containing fuel 
combustion, aligns with the substantial contribution of residential 
combustion and crop residue burning to air pollution in India (41).

Long-term spatiotemporal trends in predicted 
PM2.5 concentrations
To better understand longer-term shifts in PM2.5 concentrations, we 
calculate the changes in average PM2.5 concentrations between 
6-year blocks, beginning in 2005–2010 (Fig. 2A) and ending in either 
2011–2016 (Fig. 2B) or 2017–2022 (Fig. 2C). We find that much of 
India experienced substantial increases in PM2.5 concentrations 
between 2011 and 2016 compared to 2005–2010, except for regions 
such as Jammu and Kashmir, Punjab, and Rajasthan states. Howev-
er, the pace of increase moderated in more recent years, and during 
2017–2022, a higher percentage of locations across the country 
showed decreases in PM2.5 concentrations (45% of grid cells at a 
10-km resolution) compared to 2011–2016 (16% of grid cells), with 
notable decreases observed in Jammu and Kashmir, Punjab, Haryana, 
Delhi, and Rajasthan states and union territories.

In addition, given the noise in our daily, grid-level estimates [root 
mean square error (RMSE) = 27.79 μg/m3], we conducted further 
analysis to understand whether our predictions had enough signal 
to detect changes in PM2.5 concentrations in temporally aggregated 
data. Specifically, we performed simulations by generating data that 
had the daily RMSE of our modeled data but that had a “true” reduc-
tion over time in PM2.5 ranging from 0.5 to 5 μg/m3 and studied 
whether we were able to recover this reduction (see Materials and 
Methods). The results demonstrated that the mean of the simu-
lated changes in both the monitor data and predictions is closely 
aligned with the “true change” values (fig. S17), highlighting that 
the PM2.5 predictions generated by our machine learning model 
are robust enough to detect long-term small changes at the 10-km 
grid cell level.

To characterize trends in PM2.5 concentrations, we quantify 
population-weighted annual average PM2.5 concentrations for the 
country overall and five mega-cities from 2005 to 2022 (Fig. 2D) by 
combining our 10-km PM2.5 estimates with gridded population 
data. Among the five mega-cities, the average New Delhi resident 
has consistently faced the highest population-weighted average of 
PM2.5 concentrations, with 88.67 μg/m3 in 2022, more than double 
India’s annual national air quality guideline of 40 μg/m3 (Fig. 2D) 
(42). Similarly, residents in India overall, as well as those in Kolkata 
and Mumbai, have consistently experienced PM2.5 levels exceeding 
the national annual threshold (Fig. 2D). Notably, we estimate that 
residents in all mega-cities have experienced a moderate decline in 
PM2.5 exposure since 2016–2018 (Fig. 2D), as assessed by comput-
ing the 3-year rolling averages of population-weighted PM2.5 con-
centrations (Fig. 2E). Mumbai exhibited the most substantial decline 
of 10%, followed by New Delhi with 8% in 2020–2022 (Fig. 2E).

We further examine whether the observed declining trend since 
2016–2018 is attributable to favorable meteorology, such as increasing 
trends in precipitation and relative humidity (43, 44) observed in 70 and 
90% of 10-km grid cells, respectively, from 2005–2015 to 2016–2022 
(fig. S18). Using trend analysis (see Materials and Methods), we com-
pare the observed average annual trend for 2005–2015 and 2016–2022 
with the meteorology-corrected trend for the same periods. Our analy-
sis revealed that the declining trend in PM2.5 concentrations from 2016 
to 2022 was influenced by meteorological variability in the southern 
regions, but not in the northern regions such as Delhi, Haryana, Rajas-
than, Uttar Pradesh, and Bihar states and union territories (fig. S19). 
This suggests that without meteorological influence, the southern re-
gions would have experienced fewer decreases in PM2.5 concentrations 
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from 2016 to 2022. In contrast, we find little evidence that the increasing 
trend from 2005 to 2015 was driven by changing meteorology (fig. S19), 
suggesting that these increases could be attributable to increased an-
thropogenic activities. We then confirm these trends using emissions 
data obtained from the Emissions Database for Global Atmospheric 
Research (45, 46), focusing particularly on PM2.5 and black carbon (BC) 
emissions. The northern, western, and southern regions experienced 
decreases in PM2.5 and BC emissions from 2020 to 2022 compared to 
2016–2018, while substantial increases were observed across the coun-
try between 2005–2007 and 2013–2015 (fig. S20).

As declines in PM2.5 since 2016 are not attributed to favorable 
meteorology, we examine whether India’s air quality control poli-
cies, particularly the NCAP, have contributed to recent reductions in 
ambient PM2.5 concentrations. Acknowledging the need for im-
proved air quality to reduce health and societal burdens in the coun-
try, the government of India has recently proposed and implemented 
a number of air quality control measures, such as NCAP, the Bharat 
Stage-VI (BS-VI) emission standards for vehicles that mandated ve-
hicles to adhere to PM emission limits as strict as European stan-
dards, which went into effect in Delhi in 2018 and other parts of 
India in 2020 (47), and the closure of multiple coal-fired power 
plants located near Delhi (48). However, the specific contribution of 

each policy to improving nationwide and regional air quality re-
mains uncertain.

NCAP was initiated in 2019 with the goal of reducing key air pol-
lutants, including PM2.5, by 20 to 30% by 2024, using the pollution lev-
els observed in 2017 as a baseline (7). Focusing on 131 non-attainment 
cities across 28 states and union territories, selected based on air qual-
ity data from 2015 to 2019 (7), one of the primary objectives of NCAP 
is to prompt each non-attainment city to prepare and implement a 
clean air action plan that details sector-specific interventions to im-
prove air quality with predetermined timelines and an agency respon-
sible for execution of each intervention (7, 11). Under the NCAP, 102 
of the 131 non-attainment cities submitted comprehensive city action 
plans, which were approved by the CPCB in July 2020 (11).

We use a difference-in-differences approach to assess whether the 
implementation of the NCAP has affected changes in ambient PM2.5 
concentrations to date. Our approach compares within-subdistrict 
changes in PM2.5 over time, in targeted and nontargeted areas, before 
and after initiation of NCAP. Our analysis is constrained to the subdis-
trict level, rather than the city level, due to the limited availability of 
reliable city-level shapefiles in India. We denote “treated” subdistricts 
as the 102 non-attainment cities whose city clean action plans were 
approved in 2020 and select a set of corresponding control subdistricts 

A

D E

B C

Fig. 2. PM2.5 concentrations increased through 2016 but then declined through much of India thereafter. (A) Six-year average PM2.5 concentrations for 2005–2010 
computed as the average over all days in each grid cell for 6 years. (B) Changes in PM2.5 concentrations between 2005–2010 and 2011–2016 show increases across most 
of the country. (C) Changes in PM2.5 concentrations between 2005–2010 and 2017–2022 show a mix of increases and declines. (D) Population-weighted annual average 
PM2.5 concentrations from 2005 to 2022 for all of India and selected mega-cities. (E) Percentage changes in 3-year population-weighted averages relative to the 
2005–2007 average for all of India and selected mega-cities. The x-axis label represents the running means of years from 2005–2007 to 2020–2022.
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that were not targeted by NCAP using a propensity score method that 
matches pretreatment trends in air pollution and covariates between 
later-treated and never-treated subdistricts (see Materials and Meth-
ods). To account for spillover effects, we exclude subdistricts adjacent 
to treatment subdistricts and any others within a 50-km buffer. Con-
sequently, 88 treatment subdistricts and 74 control subdistricts are 
included (Figure S21), and the effect of NCAP is estimated by com-
paring whether trends in air pollution diverged between treated and 
control units after 2020. Our analysis reveals that there is no evidence 
that NCAP contributed to reducing PM2.5 concentrations both in 2021 
and 2022 (Figure S22) in targeted cities.

The observed decreases in PM2.5 concentrations, especially in the 
mega-cities in 2020, are instead more consistent with previous studies 
examining the impact of the COVID-19 pandemic on air quality in 
India (49–53), which highlighted a substantial decrease (43%) in PM2.5 
in 2020 compared to 2017–2019 in urban areas, after controlling for 
meteorological variability (49). Other various air quality control poli-
cies in India, including the implementation of BS-VI emission stan-
dards and the closure of power plants near Delhi, may have contributed 
to the regional PM2.5 declines. Our PM2.5 estimates could be used to 
evaluate the impact of these programs in future work.

Population exposure to PM2.5 concentrations
To understand the population exposure to daily high levels of PM2.5 
concentrations, we calculate the average number of days that each 
grid cell exceeded the World Health Organization (WHO) guideline 

of 15 μg/m3, the national guideline of 60 μg/m3, and the extreme 
concentration of 100 μg/m3 between 2018 and 2022. Notably, much 
of India experienced over 300 days above the WHO daily threshold, 
except for the northeastern region (Fig. 3A). Delhi, Rajasthan, Uttar 
Pradesh, and Bihar states and union territories encountered days 
exceeding the national guideline of 60 μg/m3 for at least 250 days 
(Fig. 3A). Moreover, certain locations in Delhi, Uttar Pradesh, and 
Bihar observed extreme days with PM2.5 concentrations exceeding 
100 μg/m3 for 100 to 150 days (Fig. 3A).

We also assess the proportion of the overall population exposed 
to elevated annual concentrations of PM2.5 over our study period. 
Notably, the entire population in India has consistently faced expo-
sure above the WHO annual threshold of 5 μg/m3 over the 17 years 
(Fig. 3B). Although there was a decrease in 2020, approximately 
60% of the population consistently experienced exposure exceeding 
the national annual guideline of 40 μg/m3, and 10% experienced ex-
treme levels of PM2.5, with an annual average of 80 μg/m3 (Fig. 3B). 
Further analysis of the spatial distribution of these exposed popula-
tions revealed that 63% of the locations exceeded the national guide-
line between 2018 and 2022 (Fig. 3C). Areas with annual average 
PM2.5 concentrations exceeding 80 μg/m3 were predominantly ob-
served around Delhi and in Bihar state (Fig. 3C).

Inequalities in PM2.5 exposure
Identifying disparities in PM2.5 exposure by socio-economic status is 
essential to understanding pollution burdens and developing policy 

A

B C

Fig. 3. Widespread exposure to elevated PM2.5 concentrations across India, with daily extremes in the North. (A) Spatial distribution of grid cells with daily PM2.5 
concentrations above WHO guideline of 15 μg/m3 (74) (left), national guideline of 60 μg/m3 (middle), and daily extreme threshold of 100 μg/m3 (right), demonstrating the 
average number of days for each 10-km grid cell for 2018–2022. (B) Proportion of populations exposed to annual averages of PM2.5 concentrations exceeding WHO (5 μg/
m3) (74), national (40 μg/m3), and extreme (80 μg/m3) thresholds from 2005 to 2022. The entire population in India is consistently exposed to PM2.5 concentrations above 
the WHO guideline during these years. (C) Locations highlighted in colors indicate areas where average PM2.5 concentrations exceeded the national guideline of 40 μg/
m3 (left) and extreme threshold of 80 μg/m3 (right) from 2018 to 2022, respectively. Colored gradients depict the number of years each grid cell exceeded each threshold 
during these years. The entire country would be shaded in colors on a map denoting the areas exposed to above the WHO threshold.
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measures to alleviate them. To understand how pollution concentra-
tions vary with socioeconomic status in India, we combine recent 
high-resolution estimates of local-level asset wealth, generated using 
the Demographic and Health Surveys (DHS) data from 2015 and 
2019 (54) and a common proxy for socioeconomic status, with 
spatial and temporal variation in our PM2.5 predictions at a 10-km 
resolution.

Using 5-year average PM2.5 concentrations from 2015 to 2019 
(see Materials and Methods), we find that a smaller proportion of 
the population in the wealthiest quintile is exposed to concentra-
tions above the national annual guideline of 40 μg/m3, while higher 
proportions are observed in other quintiles of the wealth distribu-
tion (Fig. 4A), although substantial majorities in all quintiles are 
exposed to levels above this guideline. However, higher proportions 
of people living in areas in the top two wealth quintiles are exposed 
to extreme PM2.5 concentrations above 80 μg/m3 annually (23.0 and 
21.0%, respectively) than poorer areas (Fig. 4B and fig. S23), consis-
tent with a previous study revealing that wealthy populations live in 
polluted urban centers in low- and middle-income countries (3). 
When stratified by urban and rural status based on the average level 

of urbanicity per grid cell as defined by the Urban and Rural Catch-
ment Area data (55), higher proportions of people living in middle, 
poorer, and poorest communities within urban areas are exposed to 
higher PM2.5 concentrations above the national guideline and ex-
treme threshold than people living in richer and richest communi-
ties (fig. S24).

Due to extreme exposures experienced by people living in wealth-
ier communities, an average person at the 90th percentile of wealth 
in India has consistently faced higher PM2.5 exposure than the aver-
age Indian or someone at the 10th percentile of wealth from 2005 to 
2022, holding wealth constant across years (Fig. 4C). Notably, since 
2016, an average wealthy individual has also experienced faster de-
clines in PM2.5 concentrations than an average poor individual, par-
ticularly evident since the start of the COVID-19 pandemic yet 
notably apparent as early as the pre-COVID era of 2017–2019. (Fig. 
4, C and D, and fig. S25). This has contributed to shrinking the 
wealth gap in average PM2.5 over time. These PM2.5 reductions dis-
proportionately experienced by wealthier individuals highlight the 
urgent need of air quality mitigation policies that effectively and in-
tentionally target both the poor and the rich.

A B

C D

Fig. 4. Wealthier people experienced higher average PM2.5 concentrations but faster recent declines. (A) Percentage of the population in each wealth category 
exposed to ambient PM2.5 concentrations above the national guideline of 40 μg/m3 for the years 2015–2019. These percentages were calculated using 5-year mean PM2.5 
concentrations from 2015 to 2019 because machine learning algorithms to generate wealth estimates (54) were trained on ground data from that period. (B) Percentage 
of the population in each wealth category exposed to concentrations above the extreme threshold of 80 μg/m3 for the years 2015–2019. (C) Population-weighted annual 
average of PM2.5 concentrations from 2005 to 2022 for the country average, locations with 90th percentile of wealth, and locations with 10th percentile of wealth. 
(D) Percentage changes in 3-year population-weighted averages relative to the 2005–2007 average. The x-axis label represents the running means of years from 2005–2007 
to 2020–2022. Between 2020 and 2022, wealthier individuals experienced a 3.14% (5.84%, 0.44%) decline in PM2.5 exposure compared to the period of 2005–2007, while 
poorer individuals saw a 1.74% (3.48%, 0.00%) reduction. When compared to the period of 2015–2017, during which much of India began to experience an overall declin-
ing trend in PM2.5 concentrations, a wider disparity in reduction rates was observed, with the wealthiest experiencing an 8.12% (10.56%, 5.64%) reduction and the poorest 
experiencing a 3.62% (5.32%, 1.88%) reduction (fig. S25). The values in parentheses indicate the 95% confidence intervals obtained from bootstrapping to account for the 
uncertainty in the modeled estimates of PM2.5 concentrations.
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Assessing the optimal placement of air quality monitors 
ensuring equality
The current CAAQMS network is sparser in poorer communities, 
limiting understanding of disproportionate PM2.5 exposure. While our 
predictions enable investigation of nationwide trends and exposure 
across wealth groups, ground monitor data would enhance precision 
of such monitoring, and ground monitor data will likely remain the 
basis for official evaluation of air quality trends and policy attainment. 
The government of India has committed to expanding the CAAQMS 
up to 1000 monitors under NCAP (11) to aid in more comprehensive 
air pollution monitoring. However, it is uncertain whether placement 
decisions account for the ability to accurately monitor pollution con-
centrations across the socioeconomic spectrum.

We use compressed sensing methods (37, 56) to propose strate-
gic placement of additional 565 CAAQMS monitors or the remain-
der of the 1000 total monitors proposed to be installed under NCAP 
using data from our AOD model to inform monitor placement (see 
Materials and Methods). Our approach identifies baseline national-
scale long-term variability of PM2.5 concentrations and then choos-
es locations of additional monitors that would optimally capture 
local and short-term anomaly spikes in PM2.5 exceeding this base-
line across the country. When placing monitors, we prioritize popu-
lous low-wealth locations to ensure that sudden spikes occurring in 
poorer communities are captured. The identified placement of mon-
itors (Fig. 5A) highlights the need for an additional dense network 
in northern and northeastern India, particularly in Rajasthan, Delhi, 
Haryana, Uttar Pradesh, Bihar, Assam, and West Bengal states and 
union territories, as well as in the central region, such as Madhya 
Pradesh state. The proposed additional network would help pro-
mote equality in nationwide exposure assessment while also en-
abling the network to maximally capture spatial and temporal variation 
in surface PM2.5 concentrations.

Examining applicability of our model to other low- and 
middle-income settings
Other low- and middle-income countries also face challenges in un-
derstanding overall levels and trends in population exposure to PM2.5 
as well as inequalities in these exposures due to limited ground-
monitoring data. Our method could provide resource-efficient alter-
native to establishing extensive monitoring network by generating 
predictions for nonmonitored locations, but it relies on having at least 
some amount of ground monitoring data to train and validate predic-
tions. To understand how the performance of our machine learning 
approach changes as the ground network becomes sparser, we vary the 
number of monitors our model is allowed to see in training and quan-
tify the relationship between the number of monitors in training and 
model performance. To estimate uncertainty in performance, we re-
peat this experiment a thousand times, resampling a fixed number of 
stations for training each time and re-estimating model performance 
on a disjoint set of sampled test stations (for more details, see Materials 
and Methods).

We observed a nonlinear increase in model performance, as 
evaluated on held-out test monitors, ranging from an R2 value of 
0.29 with 5 monitors to 0.68 with 300 monitors (Fig. 5C). When 
evaluated at the monthly level using the same sets of daily predic-
tions derived from this experiment, we achieved R2 and within R2 
values comparable to those of the existing benchmark publicly-
available monthly PM2.5 dataset (fig. S7) (14) while training only on 
15 and 50 monitors, respectively (Fig. 5D). Specifically, we achieved 

an R2 of 0.57 for 15 monitors (219,150 km2 per monitor), exceeding 
the benchmark of 0.54, and a within R2 of 0.40 for 50 monitors 
(65,745 km2 per monitor), exceeding the benchmark of 0.37. These 
results highlight the importance of investing in even a limited num-
ber of reference-grade air quality monitors. Such an investment not 
only enhances the geographic coverage and reliability of air quality 
assessments within a country but also improves model performance. 
By integrating ground-based data with satellite information, our 
method can predict PM2.5 concentrations with performance that ex-
ceeds benchmark datasets commonly used for health impact analy-
sis in low- and middle-income countries. While variations in PM2.5 
concentrations and country sizes differ, these findings offer valuable 
insights for other countries designing their monitoring network and 
implementing our machine learning method to understand nation-
wide trends and exposure to PM2.5 across different populations.

DISCUSSION
Here, we generate daily PM2.5 predictions at a spatial resolution of 
10 km across India from 2005 to 2023. These daily estimates per-
form well over the range of observed monitor PM2.5 measurements 
and accurately capture temporal variations in PM2.5 concentrations, 
including daily peaks, within mega-cities in India. We find a declin-
ing trend in average PM2.5 concentrations since 2016–2018, particu-
larly in northern India, and confirm that these reductions are not 
attributable to meteorological variability nor to NCAP, a recently 
begun nationwide air quality improvement program; smaller de-
clines in southern India are driven in part by favorable trends in 
meteorology. Our analysis also provides a comprehensive character-
ization of the spatial distribution of populations exposed to elevated 
levels of daily and annual PM2.5, revealing that higher proportions 
of people living in wealthier areas are exposed to extreme PM2.5 
concentrations but that they have also experienced faster reductions 
in exposure in recent years. We propose the strategic placement of 
additional CAAQMS monitors to more effectively capture high 
PM2.5 episodes occurring in both poorer and wealthier locations, 
and we study the applicability of our approach in settings where ex-
isting or proposed monitoring networks could be even sparser than 
in our study context, finding that only a relatively small number of 
monitors are needed to train a relatively accurate prediction model.

In comparison to many existing efforts to estimate PM2.5 concen-
trations using machine learning (27, 28), we incorporate data from 
multiple recent satellite sensors to estimate pollution concentrations 
across the country. In addition, we spatially validate predictions 
against time series of held-out monitor observations, which stands in 
contrast to the random CV used in many previous machine learning–
based efforts (24, 25). Last, our work complements recent machine 
learning–based studies to estimate PM2.5 concentrations by pro-
viding insights into the predictive power of TROPOMI features in 
contrast to AOD.

Our PM2.5 predictions could likely be further improved through 
improvements in both the monitor-based ground truth data and in 
the remotely sensed input features. Our method relies on ground 
PM2.5 observations acquired from CAAQMS monitors for training; 
however, the management of these monitors and the quality of the 
collected data have not been verified by a third-party institution (5). 
For instance, in the United Kingdom, all regulatory air quality data 
collected as part of the automatic urban and rural network are vali-
dated by an independent agency (5). Using the quality-assured 
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ground measurements could help improve our predictions by re-
ducing noise in both model training and validation. In addition, 
future model development could benefit from additional monitor 
data, including PurpleAir monitors and CPCB’s manual monitoring 
stations. Calibration is imperative for these data as they are not con-
sidered as reference grade or regularly calibrated. Calibration of 
PurpleAir measurements to estimate PM2.5 concentrations has been 
widely explored by previous studies (57–61). A recent study (62) 

highlights the significance of seasonally-optimized calibration for 
PurpleAir sensors in enhancing prediction performance, especially 
in India. Calibration of manual monitor measurements is also cru-
cial since PM2.5 samples are collected for 8 hours twice a week, pro-
viding only a snapshot of actual concentrations (5). Moreover, the 
remotely-sensed input features used in our model, particularly 
TROPOMI data, do not directly represent air pollution concentrations 
at the ground level. A recent study (63) revealed a mean relative and 

A

C D

B

Fig. 5. Applications of our predictions for better air quality monitoring in India and other low- and middle-income countries. (A) Proposed locations of additional 
565 CAAQMS identified by compressed sensing methods (see Materials and Methods), along with existing 435 monitor locations, ensuring increased equality in air qual-
ity monitoring across the country while capturing both baseline patterns and sudden anomaly spikes in PM2.5 concentrations. Colored gradients indicate wealth estimates 
[Relative Wealth Indices (RWIs) (54)] in each grid cell. (B) Number of monitors in each wealth category based on quintiles of RWIs of each 10-km grid cell for existing 
CAAQMS monitors and proposed additional monitors. (C) Model performance at a daily level as a function of number of stations used in training. Performance is measured 
by R2 and within R2 as evaluated on a fixed number of held out stations (21 stations). Points represent the mean performance across 1000 experiments (randomly resam-
pling training and test sets), and whiskers denote the corresponding 95% confidence intervals across experiments. Model performance increases with additional training 
data, but at a declining rate, with modest increases past 150 monitors. (D) Model performance at a monthly level, estimated by aggregating the daily predictions and 
monitor data on a monthly basis. The dashed lines represent the R2 and within R2 values of the existing publicly available monthly PM2.5 dataset, evaluated against moni-
tor data in India, which are 0.54 and 0.37, respectively.
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absolute bias of approximately 10% between TROPOMI NO2 prod-
ucts and ground-based observations, highlighting a tendency for 
frequent underestimation of elevated NO2 levels on the ground (63). 
The robust predictive power of TROPOMI features indicates that 
the calibration of these data could lead to improved performance of 
machine learning–based estimations for PM2.5 concentrations, al-
though our machine learning–based approach is implicitly calibrating 
these satellite observations to ground data already. Last, uncertainty 
quantification from machine learning models is currently an active 
area of research. Subsequent enhancements to PM2.5 estimates may 
involve more granular quantification of uncertainty.

Another limitation of our study is that we relied on cross-sectional 
wealth estimates for investigating temporal changes in wealth dis-
parities in PM2.5 exposure. The wealth data we used for India were 
derived from machine learning models trained on ground data from 
2015 and 2019 and thus might not capture shifts in the wealth distri-
bution in other years. While these wealth estimates represent the 
most comprehensive and up-to-date local-level estimates of income 
or wealth in India that we are aware of (3, 54), future improvements 
to these data could further improve our understanding of spatial dis-
tribution of and temporal changes in income disparities in PM2.5 ex-
posure across the country.

Our publicly available PM2.5 predictions serve as a platform for 
evaluating specific policies or interventions aimed at improving air 
quality. We used our daily PM2.5 estimates in the initial evaluation of 
India’s NCAP, finding a limited impact of the program to date in 
targeted cities. This null result could be because city-level clean air 
action plans did not yet have time to take effect, or because they are 
not effective, and our PM2.5 data—which can be updated in future 
years—offer a platform for understanding which explanation is 
more likely true. They also offer the critical opportunity to evaluate 
other air quality control measures being rolled out across the coun-
try and an opportunity to identify the contribution to local PM2.5 
concentrations of emissions from specific sources such as brick kilns 
that exhibit distinct spatial and temporal patterns. Last, our data 
could also be used to better assess the health burden on air pollution 
in the country—a task often accomplished using existing monthly 
PM2.5 datasets that are more temporally coarse and less accurate 
than the data we produce here.

MATERIALS AND METHODS
Model inputs
We collect daily PM2.5 observations from 1 January 1 2013 to 
30 September 2023, from 435 CAAQMS monitors with accessible 
geographic coordinate information, serving as ground truth for our 
machine learning model. We construct two main machine learning 
models to predict PM2.5 concentrations: the AOD model and the 
Full model. The input features of the AOD model include MODIS 
AOD, meteorology, land cover, and elevation collected from the 
Google Earth Engine (GEE) platform, along with atmospheric re-
analysis data retrieved from NASA’s Earthdata portal. In addition to 
these features, the Full model incorporates Sentinel-5P mission’s 
TROPOMI for NO2 and CO, launched on 13 October 2017, by the 
European Space Agency. The AOD model is trained on ground-
measured PM2.5 from 1 January 2015 to 30 September 2023 and 
used to generate daily PM2.5 predictions starting from 1 January 
2005, which corresponds to the earliest available input feature for 
the model. The model was trained from 2015 due to the limited 

number of available observations during 2013–2014, when data 
from only five monitors were available. Conversely, the Full model is 
trained from 10 July 2018 to 30 September 2023 due to the limited 
availability of TROPOMI features and used to produce predictions 
for the corresponding period. Both PM2.5 measurements and input 
features are merged to a consistent 10-km grid for model training 
and validation. The grids are constructed to cover country borders 
of the Republic of India as per survey of India records, resulting in a 
total of 33,074 grid cells.

From the collected PM2.5 observations, we exclude values of 
999.99 μg/m3, the upper detection limit of CAAQMS monitors, as it 
does not accurately represent the actual concentration on the ground 
(64). In addition, we filter out PM2.5 measurements if the difference 
between the rolling average of the preceding 5 days and the PM2.5 
concentration on the current day is less than 0.05 to ensure that air 
quality monitors exhibit valid variations in daily concentration 
changes (i.e., we remove observations when they were at an unreal-
istic constant level for over 5 days). As a result, 4213 observations 
(1.2%) were removed. Subsequently, for each 10-km grid, we ex-
clude extreme outliers identified by an interquartile range (IQR) 
that fall below 15 times the first quartile or exceed 15 times the third 
quartile, resulting in the removal of 24 observations. The use of a 
threshold of 15 times allows us to identify PM2.5 measurements that 
significantly deviate from the IQR within each 10-km grid and helps 
retain elevated observations that may reflect local variations, such as 
those caused by agricultural fires.

The complete list of input features for the AOD and Full models 
can be found in table S1. TROPOMI NO2 (tropospheric vertical col-
umn of NO2) (35) and CO (vertically integrated CO column density) 
(36) are derived from the Sentinel-5P–gridded level 3 product at a 
1.11-km resolution. AOD is collected from the MODIS multi-angle 
implementation of atmospheric correction land-gridded level 2 prod-
uct [(0.55 μm), produced daily at a 1-km resolution (34)]. Meteoro-
logical input features comprise the daily mean of temperature and 
dewpoint temperature at 2 m, wind speed in the eastward and north-
ward directions, total precipitation, net thermal radiation at the sur-
face, and surface pressure. These input features are drawn from the 
daily aggregate of European Centre for Medium-Range Weather 
Forecasts (ECMWF) Reanalysis 5th Generation Land (ERA5-Land) 
hourly assets at an 11.13-km resolution (65). In addition, the daily 
mean of wind direction and relative humidity per 10-km grid is cal-
culated using wind speed in the eastward and northward directions, 
temperature, and dewpoint temperature. Furthermore, we incorpo-
rate MODIS land cover type data produced yearly at a 500-m resolu-
tion (66). In addition to MODIS land cover data, low and high 
vegetation indices obtained from ECMWF ERA5-Land are included 
in the model. Elevation data are sourced from the Shuttle Radar To-
pography Mission at a resolution of approximately 30 m (67).

To account for missing observations in TROPOMI features and 
AOD, atmospheric reanalysis data such as the Modern-Era Retro-
spective Analysis for Research and Applications, version 2 (MERRA-2) 
aerosol optical thickness (AOT at 550 nm) (68) and CO (69), as 
well as Aura Ozone Monitoring Instrument (OMI) NO2 (70), are 
included. Those missing data in TROPOMI features and AOD are 
imputed using machine learning methods before being incorporat-
ed into the main machine learning model, which predicts PM2.5 
concentrations. Furthermore, the missingness of TROPOMI NO2, 
CO, and AOD is computed on the basis of the amount of missing 
observations for each day, and this information is included as model 
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input. Last, month and day of the year, a dummy variable indicating 
a monsoon season, and centroids of each 10-km grid are incorpo-
rated as model input features. Weekly rolling averages of TROPOMI 
NO2 and CO, AOD, MERRA-2 variables, as well as meteorological 
variables are also calculated and included in the model to capture 
the potential time dependency between input features and PM2.5 ob-
servations to improve the model predictability.

Imputation of TROPOMI and AOD
For the Full model, 26.0% of TROPOMI NO2, 18.7% of TROPOMI 
CO, and 49.0% of AOD had missing observations from 10 July 2018 
to 30 September 2023 across the country (fig. S26). In the AOD 
model, 41.8% of AOD data were missing from 1 January 2015 to 
30 September 2023 (fig. S27). These missing observations are predicted 
using light gradient-boosting machine (LightGBM) and XGBoost 
with input features, including MERRA-2 AOT and CO, OMI NO2, 
meteorology, land cover, elevation, month and day of the year, a 
dummy variable indicating a monsoon season, centroids of each 
10-km grid, and weekly rolling averages and annual averages of 
MERRA-2 variables, as well as meteorological variables (table S2). 
We conduct pairwise correlation analysis for feature selection to en-
sure no variable is highly correlated (R2 > 0.9) with each other, re-
sulting in the removal of redundant features and increased efficiency 
in learning tasks (71).

Models are trained on TROPOMI NO2, TROPOMI CO, and 
AOD observations for each machine learning task to predict and 
impute missing data. For each model, approximately 1 million ob-
servations were randomly selected as training data (2% for models 
predicting TROPOMI NO2 and TROPOMI CO, and 3% for the 
model predicting AOD) based on 50-km grid cells, month of the 
year, and year (table S5). Stratified random sampling was used to 
ensure a representative dataset across different locations and times, 
preventing potential biases. For model selection and hyperparame-
ter tuning, we conduct fivefold inner spatial CV using training data 
in one of the 10-fold outer spatial CV to prevent any final test data 
from leaking into training tasks during model selection and hyper-
parameter tuning (fig. S28). Both the inner and outer spatial CV are 
conducted on the basis of 50-km grid to account for spatial auto-
correction within the input features, especially MERRA-2 reanalysis 
data, which has the coarsest spatial resolution of approximately 50 km 
(0.5° latitude × 0.625° longitude). Splitting data into training and 
test sets based on the 50-km grid, rather than the more conventional 
method of random splitting by observation is a more demanding 
prediction task because a given monitor can contribute data to both 
training and test sets in case of random split. Using coarser spatial 
blocks, rather than 10-km grid, further increases the difficulty of 
such a task; however, spatial CV is a more realistic test of how well 
the model would perform in predicting time series of missing obser-
vations in a new location with no training data. We fit LightGBM 
and XGBoost for each model predicting TROPOMI NO2, TROPOMI 
CO, and AOD while implementing GridSearchCV to search over 
the LightGBM and XGBoost hyperparameter ranges (table S3) and 
identify the optimal combination of hyperparameters. As a re-
sult, LightGBM was used for predicting missing TROPOMI NO2 
and TROPOMI CO, and XGBoost was used for predicting missing 
AOD (table S4). The final predictions derived from held-out test 
data in each of the 10 folds are compared with observations using 
the evaluation metrics, such as overall R2, within R2, and RMSE. The 
within R2 is calculated by regressing observed TROPOMI NO2, 

TROPOMI CO, and AOD on their respective predicted values while 
incorporating fixed effects for locations with observations, month of 
the year, and year. Specifically, the within R2 can heuristically be 
written as

where ŷit denotes the fitted value for individual i at time t, ŷi rep-
resents the fitted value for individual i across all time periods, yit 
denotes the actual observed value for individual i at time t, and yi 
represents the mean outcome value for individual i over the observed 
time periods.

In practice, we estimate the within R2 by also accounting for sea-
sonal variation in PM2.5 in a given location and common variation 
over time in PM2.5. This amounts to also subtracting off year-specific 
PM2.5 averages and seasonal averages. The goal is to isolate within-
location temporal variation in PM2.5, after accounting for average 
seasonal differences in PM2.5 and common differences across years 
(e.g., due to long-term trends in PM2.5 or shocks due to COVID).

For the Full model, the predictions of missing TROPOMI NO2 
explained 52%, predictions of missing TROPOMI CO explained 
92%, and predictions of missing AOD explained 82% of out-of-
sample variation (table S5). For the AOD model, the predictions of 
AOD explained 82% of out-of-sample variation (table S5). We then 
predicted TROPOMI NO2, TROPOMI CO, and AOD values for all 
10-km grid cells over India and used these imputed variables as in-
put features for the main machine learning model predicting PM2.5 
concentrations. Binary variables indicating whether each of TROPOMI 
NO2, TOPOMI CO, and AOD is imputed (0 or 1) is also included. 
Last, we create additional weighted variables by assigning weights to 
the imputed TROPOMI NO2, TROPOMI CO, and AOD values 
based on their respective imputation performances (1.0 for actual 
observations, 0.5 for imputed TROPOMI NO2, 0.9 for imputed 
TROPOMI CO, and 0.8 for imputed AOD). The weighted variables 
are incorporated into the main machine learning model.

Model tuning and validation
The Full model is trained and validated on 301,355 daily ground-
measured PM2.5 concentrations from 10 July 2018 to 30 September 
2023. The AOD model is trained on 345,559 PM2.5 observations 
from 1 January 2015 to 30 September 2023. Similar to our models 
for the imputation of TROPOMI features and AOD, we conduct 
pairwise correlation analysis for feature selection to ensure no vari-
able is highly correlated (R2 > 0.9) with each other. For model selec-
tion and hyperparameter tuning, we conduct fivefold inner spatial 
CV using training data in one of the 10-fold outer spatial CV. Both 
the inner and outer spatial CV are constructed on the basis of 50-km 
grid. When splitting data into training and test sets through inner 
and outer spatial CV, we ensure that each test fold includes a nearly 
equal number of 50-km grid cells from each of three environmental 
regions (fig. S5), identified based on k-means clustering using im-
puted TROPOMI NO2 and CO, imputed AOD, MERRA-2 AOT and 
CO, and OMI NO2. This helps balance environmental characteris-
tics, such as urban versus rural, within training and test data in each 
fold. For the inner fivefold CV, each 50-km block of 10-km grid cells 
goes into only one of the five test folds, and for the outer 10-fold CV, 
each 50-km block goes into only one of the 10 test folds. We fit 
LightGBM and XGBoost using the inner CV while implementing 
GridSearchCV to search over the hyperparameter ranges and iden-
tify the optimal combination of hyperparameters (table S6). On the 

R2
within

= Corr2
[

ŷit− ŷi, yit−yi
]
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basis of the model performances using the inner CV, we selected 
XGBoost for both Full and AOD models (table S7). We apply XG-
Boost to the outer 10-fold spatial CV using the RMSE as the objec-
tive function.

We measure model performance by comparing observed PM2.5 
with model predictions derived from held-out test data in each of 
the 10 folds. For the model evaluation, we calculate the overall R2, 
within R2, and RMSE on the held-out test set for each of the 10 folds. 
Similar to the models for imputing missing observations in TROPOMI 
NO2, TROPOMI CO, and AOD, the within R2 is calculated by re-
gressing observed PM2.5 concentrations on predicted values while 
incorporating fixed effects for locations with observations, month of 
the year, and year.

Sensitivity analysis
As part of the sensitivity analysis, we aim to assess the robustness of 
the Full model by exposing it to a more spatially challenging task 
through the implementation of a 10-fold spatial CV with larger test 
blocks based on latitude (fig. S13). In addition, we conduct another 
iteration of the Full model using a 10-fold random CV where data 
are randomly split into 10 folds without specific consideration for 
spatial distribution. This approach enables us to assess and confirm 
the potential underestimation of spatial prediction errors and the 
optimistic overall results associated with random k-fold CV, which 
does not account for spatial auto-correction within spatial data.

Predictive power of AOD and TROPOMI features
To evaluate and identify the predictive power of TROPOMI fea-
tures, we construct another model, the TROPOMI model, which 
excludes AOD but incorporates other features present in the Full 
model. We compare the performance of the Full, AOD, and TROPOMI 
models by fitting XGBoost using the same training and test sets 
from 10 July 2018 to 30 September 2023. Evaluation metrics include 
the overall R2, within R2, and RMSE.

Assessing long-term spatiotemporal trends in predicted 
PM2.5 concentrations
Using the PM2.5 predictions derived from the AOD model, we cal-
culate the average PM2.5 concentrations per 10-km grid between 
2005 and 2010 and changes in average concentrations from 2005–
2010 to 2011–2016 and to 2017–2022. Using 6-year windows helps 
control for meteorological variability between years and mitigates 
undue influence from extreme years, such as 2020 when India expe-
rienced a nationwide lockdown, similar to other countries (50). We 
identified that spatial discontinuities in the PM2.5 predictions seen 
in the maps of Fig. 2, particularly north-south streaks across India, 
are driven by the coarse spatial resolution of MERRA-2 inputs, spe-
cifically AOT and CO. While attempts to smooth the predictions 
were made by taking the average predictions in the test fold within 
25-, 50-, and 100-km radius, respectively, and by evaluating the 
smoothed predictions using CV, we chose to retain the unsmoothed 
predictions as they better capture substantial local variations in 
PM2.5 concentrations and outperformed smoothed predictions. In 
addition, population-weighted annual average PM2.5 concentrations 
are computed for India as a whole and five mega-cities from 2005 to 
2022, combining population counts (72) with annual average PM2.5 
concentrations per 10-km grid. To elucidate the long-term temporal 
trend in population-weighted averages, we also calculate the percentage 
changes in population-weighted annual average PM2.5 concentrations 

for each 3-year window from 2006–2008 to 2020–2022 relative to 
the 3-year average from 2005–2007.

To evaluate the ability of our model to detect small changes in 
PM2.5 concentrations, we generated simulated data that had the 
daily RMSE of our modeled data, 27.79 μg/m3 at the daily level, but 
that had a “true” reduction over time in PM2.5 ranging from 0.5 to 
5 μg/m3 and studied whether we were able to recover this reduction. 
To do this, we randomly generated “true” PM2.5 observations mea-
sured by ground monitors for each 10 km grid cell, using the mean 
and standard deviation of the monitor data for that grid cell over a 
period of 10 years. When generating these observations, the differ-
ence between the average of the first 5 years and the last 5 years was, 
in separate simulations, set to values ranging from 0.5 to 5 μg/m3, 
which we refer to as the “true change.” We then generated PM2.5 
“predictions” adding a noise level corresponding to an RMSE of 
27.79 μg/m3 to the true data. Next, we calculated the difference be-
tween average PM2.5 concentrations for the first 5 years and the last 
5 years based on the simulated predictions and the simulated ground 
truth. We repeated these steps 1000 times and computed the mean 
and 95% confidence intervals of the changes between the first and 
last 5 years for both the simulated monitor data and predictions.

Identifying the contribution of meteorological variability to 
long-term trends in predicted PM2.5 concentrations
To identify the contribution of meteorological variability to the ob-
served declining trend in PM2.5 concentrations since 2016–2018, we 
model the PM2.5 concentrations of each individual 10-km grid cell 
using an additive form of a trend component, a meteorology com-
ponent, and time fixed effects (43). More specifically, we employ the 
following regression equation for each grid cell i

where yit denotes the daily PM2.5 concentration at grid cell i on day 
t. t is the time index (e.g., t = 1 for 1 January 2005, t = 2 for 2 January 
2005, and t = 32 for 1 February 2005). fi

(

Xit

)

 represents a linear 
function that captures the effect of local meteorology on PM2.5 con-
centration. Xit denotes the local meteorology variables in grid cell i 
on day t, including temperature and dewpoint temperature at 2 m, 
wind speed in the eastward and northward directions, total precipi-
tation, and surface pressure. ηit is the month-of-year and day-of-
month fixed effects to capture daily and monthly variability in 
pollutant concentrations that are not related to the meteorological 
variability (e.g., seasonal cycle in PM2.5). εit is the normally distrib-
uted error term. βobsrepresents the meteorology-corrected daily 
trend in PM2.5 concentration for grid cell i estimated with the stan-
dard ordinary least-squares method. We apply the above regression 
equation to PM2.5 daily predictions derived from the AOD model 
for 2005–2015 and 2016–2022, respectively, and obtain the meteorology-
corrected annual trends of PM2.5 concentrations for each grid cell 
for the corresponding periods by multiplying the estimated βobsby 
365 days.

In contrast, the observed annual trend is estimated by the follow-
ing regression equation for each grid cell i

where yit denotes the daily PM2.5 concentration at grid cell i on day 
t. t is the time index and ηit is the month-of-year and day-of-month 

yit = βobs
i

× t + fi
(

Xit

)

+ ηit + εit

yit = βobs
i

× t + ηit + εit
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fixed effects. εit is the normally distributed error term. Using the βobs, 
representing the daily trend in predicted PM2.5 concentrations, an-
nual trends for 2005–2015 and 2016–2022 are estimated.

Evaluation of NCAP
Our evaluation of NCAP is based on a matched difference-in-
differences analysis, where we first identify a set of “control” urban 
areas that were not initially targeted by NCAP that look similar 
across a range of covariates to the treated cities that were targeted by 
the program, and then we compare trends in ambient PM2.5 concen-
trations between treated and control areas, before and after program 
implementation. We implement our analysis at the subdistrict level 
due to the limited availability of city-level shapefiles in India. Spe-
cifically, we first identify the treatment subdistricts corresponding to 
the 102 non-attainment cities whose city clean action plans were ap-
proved in 2020. These non-attainment cities were selected under the 
NCAP based on air pollution levels of key pollutants, including 
PM2.5, PM10, and NO2 (7). Next, we calculate the propensity score—
the probability of becoming a city targeted by NCAP—based on fac-
tors that likely influenced a city’s selection as a target under the 
NCAP, such as population count, proportion of urban area, propor-
tion of forest area, and total area per subdistrict using logistic regres-
sion. Population count is crucial because higher populations are 
typically associated with increased emissions from sources such as 
transportation, industry, and domestic activities. The proportion of 
urban area is another critical factor, reflecting the higher pollution 
levels commonly found in densely urbanized areas due to the con-
centration of vehicles, industries, and construction activities. To ac-
count for natural mitigation factors, we also include the proportion 
of forest area, which plays a significant role in reducing pollution 
through carbon sequestration. The total area of each subdistrict is 
important because subdistricts vary significantly in size, and includ-
ing this variable allows us to compare the effects of the NCAP on air 
quality improvements across areas of similar size, ensuring a more 
equitable assessment of the program’s impact. We apply this to non-
treated subdistricts that are not adjacent to the treatment subdis-
tricts and are located outside a 50-km radius from them to account 
for potential spillover effects of NCAP on neighboring subdistricts. 
Last, we identify control subdistricts as those with propensity closest 
to those of the treatment subdistricts. Propensity score methods are 
commonly used to minimize selection bias in identifying control 
groups that share observed baseline characteristics with treatment 
groups as similar as possible (73). Consequently, our analysis in-
cludes 88 treatment subdistricts and 74 control subdistricts (fig. S20).

To establish the causal effect of NCAP, the trends in PM2.5 con-
centrations in subdistricts that do not include NCAP’s non-attainment 
cities must provide valid counterfactuals for the trends that we would 
have observed in the treatment subdistricts. We evaluate whether the 
parallel trends assumption may be reasonable in our case by plotting 
yearly average treatment effects on PM2.5 concentrations before 
2020, confirming that there was no systematic difference in treat-
ment and control groups before city action plans were approved by 
the CPCB in 2020. More specifically, we use the following regression 
equation to estimate the average treatment effects for each year from 
2005 to 2022

where yit denotes the daily PM2.5 concentration at subdistrict i on 
day t and the βj coefficients estimate the difference between treated 
and control subdistricts in the 15 years prior to treatment (t = 0, 
which is 2020 in our data, the year in which city clean action plans 
were approved by the CPCB) and the two observed years following 
treatment (2021 and 2022). The estimate in t = 0 is omitted to avoid 
collinearity, and so the βj coefficients are interpreted as the differ-
ence between treated and control concentrations relative to the ref-
erence year of 2020. αi represents a vector of subdistrict fixed effects, 
and γt denotes vectors of month-of-year and year-fixed effects. θxit 
denotes a vector of additional time-varying controls at the subdis-
trict level, including temperature and dewpoint temperature at 2 m, 
wind speed in the eastward and northward directions, total precipi-
tation, and surface pressure. εit is the error term. Because our chosen 
treated units all adopted city clean action plans in the same year, our 
treatment is not staggered across time, and thus, our analysis avoids 
the inference issues that accompany difference-in-differences de-
signs with staggered adoption that have been highlighted in recent 
literature.

Investigating population exposure to PM2.5 concentrations
To identify locations with elevated levels of daily PM2.5 concentra-
tions, we use predictions from the AOD model to calculate the aver-
age number of days each 10-km grid cell exceeding the WHO daily 
guideline of 15 μg/m3, national daily guideline of 60 μg/m3, and ex-
treme value of 100 μg/m3 for 2018–2022.

Furthermore, we examine proportional changes in populations 
exposed to high levels of PM2.5 annual average concentrations from 
2005 to 2022. For this analysis, we first calculate annual average 
PM2.5 concentrations per 10-km grid. Subsequently, we identify the 
10-km grids above the thresholds of the WHO annual guideline 
(5 μg/m3), national annual guideline (40 μg/m3), and extreme an-
nual concentration (80 μg/m3). We then aggregate the population 
counts residing in those grid cells exceeding each threshold to cal-
culate the percentage of whole population.

Examining inequalities in PM2.5 exposure
We combine estimates of relative wealth [Relative Wealth Indices 
(RWIs)] at a 2.4-km resolution (54) with our PM2.5 predictions de-
rived from the AOD model by averaging the wealth estimates for 
each 10-km grid. RWIs were generated using machine learning al-
gorithms that used satellite data, mobile phone data, and data from 
Facebook users (54). For India, their machine learning algorithms 
were trained on ground measurements of wealth collected by DHS 
surveys in 2015 and 2019 (54). The gridded wealth data provide es-
timates for each grid cell of how wealthy that grid cell is relative 
to others in the same country and an estimated error for that esti-
mate (3). We further combine population counts (72) for each grid, 
along with RWIs and daily PM2.5 predictions from January 2005 to 
December 2022.

To understand the proportion of population exposed to elevated 
levels of PM2.5 concentrations across wealth groups, we aggregate 
the population counts for 10-km grid cells whose average PM2.5 
concentrations for 2018–2022 are exceeding the national guideline 
of 40 μg/m3 and extreme threshold of 80 μg/m3 annually, respec-
tively. We then calculate the percentage of population for each of the 
five wealth categories (poorest, poorer, middle, richer, and richest), 
which are created on the basis of quintiles of RWIs within the country. 
In addition, to understand the temporal changes in wealth disparities 

yit =

t+2
∑

j=t−15

βjDi
∗1
(

year= j
)

+ αi + γt + θxit + εit
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in PM2.5 exposure from 2005 to 2022, population-weighted annual 
average PM2.5 concentrations are computed for all the wealth levels 
across the country, grid cells at 90th percentile of RWIs, and grid cells at 
10th percentile of RWIs. To account for uncertainty in the estimates, 
1000 bootstrap simulations were conducted for each of these cases. To 
elucidate the long-term temporal trend in population-weighted aver-
ages, we also calculate the percentage changes in population-weighted 
annual average PM2.5 concentrations for each 3-year window from 
2006–2008 to 2020–2022 relative to the 3-year average from 2005–2007.

To further understand disparities in urban and rural areas, we 
stratified the country into urban and rural regions using the URCA 
data (55), which provides pixel-level estimates of the travel time to 
the nearest urban area based on data collected in 2015. Pixels within 
urban areas were assigned values indicating their size, ranging from 
1 (representing a city with at least 5 million people) to 30 (represent-
ing a rural hinterland). We defined urban areas as those grid cells 
with URCA values less than 10 and rural areas as those with values 
greater than or equal to 10. The same calculations for population 
exposure to elevated PM2.5 levels were performed for both urban 
and rural areas, stratified by wealth index.

Assessing the optimal placement of air quality monitors 
ensuring equality
To calculate where additional ground monitors could be placed to 
optimally enhance the ability of the entire ground-monitoring net-
work to capture spatial and temporal variation in ambient PM2.5 
concentrations, we use multiresolution dynamic mode decomposi-
tion (mrDMD), which recursively decomposes a dataset into low-
rank spatial modes and their temporal Fourier dynamics. mrDMD 
has been shown to capture PM2.5 concentrations spatially and tem-
porally on short- (daily) and long-term (years to decade) timescales 
and to incorporate information from transient phenomena, such as 
wildfires and temperature inversions, which would otherwise be 
discarded or averaged out using similar data reduction techniques 
(37). The algorithm can thus capture a finer level of spatial and tem-
poral variability in a dataset that would otherwise be averaged out 
using traditional mean or maximum PM2.5 metrics. mrDMD is a di-
mensionality reduction algorithm, similar to principal components 
analysis (PCA), but mrDMD is more precise in capturing spatiotem-
poral variability than methods based on singular value decomposi-
tion such as PCA.

Here, we present an extension to the mrDMD framework that con-
siders cost-constraining functions to optimize sensor placement based 
on wealth estimates. We excluded grid cells with no populations from 
wealth estimates to ensure that populous poor communities are pri-
oritized. The mrDMD algorithm is based on a column-pivoted QR 
algorithm, where the pivot column is modified to balance (i) the de-
crease in accuracy of capturing the largest air pollution modal signals 
with (ii) the increase in capturing pollution exposure in grid cells with 
low RWI values, representing poorer communities. The cost function 
used here is a step function that penalizes placing sensors too far from 
poorer locations. For the cost function vector, all data are a binary of 0 
or 1, with 0 representing wealthy locations and 1 representing poor 
locations. More details of the method can be found in (56).

We apply all mrDMD methods to the PM2.5 estimates derived 
from the AOD model from 1 January 2005 to 30 September 2023. 
The resulting sensor network adds additional monitors to the exist-
ing ground network to better constrain variation in surface pollu-
tion, and we select a number of additional monitors such that the 

entire monitoring network would have 1000 ground monitors, the 
NCAP’s target.

Examining applicability of our model to other low- and 
middle-income settings
To investigate the association between the quantity of ground truth 
data, represented by the number of 10-km grid cells with measured 
PM2.5 observations, and the predictive performance of our machine 
learning model for PM2.5 concentrations, we conduct an experiment 
involving multiple machine learning models trained with incremen-
tal training data. First, 21 of 321 grid cells with PM2.5 observations 
across the country are randomly selected and held out until the final 
evaluation of predictions. Second, from the remaining 300 grid 
cells, we randomly selected grid cells, starting with 5 and 15, and 
then in increments of 25, from 25 up to 300, without replacement, to 
serve as training data for our Full model. This process results in the 
creation of 13 Full models with training data of different sizes. Each 
training dataset is then split into training and validation sets based 
on 50-km grid cells, creating a 10-fold spatial CV. For each model, 
XGBoost is applied with hyperparameter tuning, where the param-
eters include learning_rate (set to 0.01), lambda (1 or 10), max_
depth (fixed at 10), and n_estimators (1000 or 1500), while keeping 
the remaining hyperparameters at their default values. The tuning 
process is performed using a 10-fold spatial CV. Last, XGBoost with 
the best hyperparameters is applied to predict PM2.5 concentrations 
for the initially randomly selected 21 grid cells, and the final predic-
tions are compared and evaluated with the test data. This entire pro-
cess, from the random sampling without replacement of the 21 grid 
cells for the test dataset to making final predictions using the best 
hyperparameters for the 13 Full models, is repeated 1000 times to 
obtain the best possible unbiased estimates of prediction perfor-
mances. The mean within R2 is calculated of 1000 samples for each 
of the 13 Full models.
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Figs. S1 to S28
Tables S1 to S7
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