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Abstract

The Industrial Revolution was a turning point in human history which influenced almost every
aspect of life. This has improved the human way of living in many ways, but has also induced
many negative side effects on human society at large. While the advancement of sophisticated
technologies for transport of people and goods, and the efficient processing in the factories,
pave way to reduce many scarcities, the congestion on the roads and the induced air/water/noise
pollution impacted the humans in a drastic way. With the recent explosion in populations across
countries, the consumption of goods and services have never been so high, and the side effects

of the development are worse than never before.

Various governmental and public institutions around the world, supported by researchers and
domain experts, have been working hard to reduce such side-effects. With the two problems
of air pollution and traffic congestion being highly interlinked, they are commonly studied
and analyzed together [1, 2, 3, 4, 5, 6, 7, 8] and are practically associated [9, 10, 11]. In
the era of AI/ML, the efforts to improve the detection and mitigate the extreme impacts got a
new direction. Sophisticated AI methods can help us detect the causes and effects of pollution
indicating the authorities to act sooner. Newer Al based solutions can emerge to solve the traffic
congestion leading to effective transportation. These solutions need an array of sensing devices
alongside high computation requirements. The deployments of such Al based solutions on a
large scale would cost highly. While developed nations can invest heavily on these solutions,
the large part of humanity living under developing and under-developed economies could not

scale on the costly advancements.

In this work, we aim to improve the situation of deploying the Al advancements at scale in the
under-developed economies by providing frugal, i.e. efficient and cost-effective, solution
approaches to the societal problems of air pollution analysis & mitigation and traffic
congestion control using limited sensing devices and efficient computing. Al solutions that
need less sensors and limited compute can be effectively deployed on low-cost edge devices,

allowing the scaled deployment feasible for countries with limited budget.
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