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Abstract

Exposure to ambient fine particulate matter (PM2s) has been established as a causal
determinant of morbidity and premature mortality in children and adults. Delhi, as the capital
city of India, has persistently garnered attention due to its elevated concentrations of PM.s,
prompting multifaceted investigations into source identification, policy implementation,
mitigation efforts, and their consequential health impacts. In this work, an analysis of ground
monitoring stations spanning recent years (2017-2022) conducted. Delhi has achieved
significant success in reducing annual PM2s levels from 2017 to 2019, with a commendable
rate of 4.7% per year. The substantial decline in PM2 s levels observed in 2020 was facilitated
by the sharp reduction in emissions during the COVID-19 lockdown from March to May. If
the current annual decline of 4.7% is sustained, the annual PMzs level in 2024 will reach 85
Hg m3, representing a 32.6% reduction that meets NCAP target. However, the reduction
percentage decreased in 2022, posing a challenge to achieving the NCAP target by 2024. By
2022, there had been an 18% reduction in PM2s levels in Delhi when considering all existing
monitoring stations and their yearly updates from the NCAP base year. However, focusing
solely on the common monitoring stations operational throughout the 2017-2022 period reveals
a less impressive reduction of only 10%.

Deriving hyperlocal information is critical for quantifying exposure disparities and
managing air quality at neighbourhood scales in cities. Delhi is one of the most polluted
megacities in the world, where ground-based monitoring was limited before 2017.Here
ambient PM2s exposure at 100 m x 100 m spatial resolution for the period 2002—2019 using
the random forest model is estimated. The model-predicted daily and annual PM25 show a ten-



fold cross-validation R? of 0.91 and 0.95 and root mean square error of 19.3 and 9.7 pg m*=,
respectively, against coincident ground measurements from CPCB ground network. Annual
mean PMzs exposure varied in the range of 90-160 pug m™ in Delhi, with shifts in local
hotspots and a reduction in spatial heterogeneity over the years.

Additionally, a deep learning model is employed to test the forecasting of PMas
concentrations at an hourly scale. The primary challenge encountered involves filling in-situ
data gaps, for which four methods were adopted. Among that, the KNN Spatial iterator
demonstrated superior accuracy at 0.97%. For short-term forecasting over the next 72 hours,
the CNN-LSTM Encoder-Decoder model with Multivariate Input exhibited optimal
performance, yielding an R value of 0.81 and an RMSE of 19.67 pug/m?.

The rising health burden in Delhi, considering changes in exposure levels, baseline
mortality of non-communicable diseases (NCDs), and population growth, is delved into, in the
work. The changes in associated health burden during this period are estimated, and the
contributing factors are isolated. The mortality burden attributable to ambient PM2s in Delhi
increased by 49% between 2002 and 2019, though its relative share of the total mortality burden
has decreased from 10% in 2002 to 8% in 2019. Improvement baseline mortality helped to
decrease in burden, otherwise 56% would have climbed. Hence, the changes in health burden
attributable to air pollution needs to be interpreted in terms of socio-demographic factors in
policy framing. . IHD had the highest contribution to mortality and DALY in 2002 and 2019;
its relative contributions increased from 43% to 50% and from 36% to 43%, respectively.
COPD has the second-largest contribution to mortality (decreased from 26% in 2002 to 24%

in 2019) and DALY (increased from 215 in 2002 to 24% in 2019), and the highest contribution
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to YLD burden where its contribution decreased from 60% in 2002 to 56% in 2019. The third
highest contribution to the disease burden is stroke, whose contribution to death, DALY, and
YLD remained mostly unchanged. For death and DALY, the contributions of T2D and LC also
remained unchanged, while that of LRI decreased in this period.

While doing the sensitivity analysis for the exposure resolution, it is found that, the
mortality burden in 2002 and 2019 higher by 10% and 3.1%, respectively, for exposure
assessment at 100 m scale relative to the estimates with 1 km scale. Finally, the exposure
reduction target for Delhi to meet the UN SDG3.4 goal, which requires efforts beyond the current
NCAP, is set. Delhi can meet the United Nations Sustainable Development Goal 3.4 target of
reducing the non-communicable disease burden attributable to PM..s by one-third in 2030 relative
to 2015 by reducing ambient PM2 s exposure below the World Health Organization’s first interim

target of 35 ug m3.

The results presented as part of this thesis is expected to help the Indian policymakers in
identifying the areas where mitigation policies should be directed and formulate more efficient

air quality management plans so that maximum health benefit can be obtaine
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