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Why India?

~ 26% of global deaths attributed to household air
pollution are from India.

- Ambient and indoor air pollution cause ~1.7 million

premature deaths in India annually.! 2 F ,“%;z.
3 2 a ‘-.'.".I‘.., m-:"w-.: ) ol
e - Both rural populations and the urban poor are the most dRa 2% M"’”

J susceptible and affected, but rural areas have been
&8 understudied.
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What is PM, . & where does it come from? 2 Impacts of PM, .

- PM, . has a diameter of less than 2.5 um, about -~ : .
2 . . _Tuticorin - PM, . impacts a range of cardiovascular and
one-thirtieth the width of a human hair. 7 . . : . : :
c T N respiratory diseases, including stroke, ischemic
) 01.nmon S?UI’CCS " ermssmn.s rom _ SRI LAY = heart disease (IHD, chronic obstructive
burning fossil fuels such as coal or oil and biomass .
pulmonary disease (COPD), and lung cancer.

such as wood, charcoal, or crop residues.

Colombd
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2 World Health Organization, 2021; Fig 1. GBD MAPS Working Group, HEI,
2018



Location

l Kallakurichi
I Nagapattinam

(
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r

16 rural villages selected from two districts of Kallakurichi and Nagapattinam
~120 sensors in 10 neighborhoods
Study sites are far (> 100 km) from major cities/towns and sources.
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Project Objectives 1

v

R \\\

< Clean and visualize ambient PM, . data from Tamil Nadu habitations using R packages (dplyr, /\ '/ / (
tidyverse, lubridate, etc.) (1] )]

< Provide summary statistics of PM levels by location, month, and season. . | / / ’/
<% Recursive sampling analysis to determine a suitable number of datapoints. (/ 4 l //// /

Investigation:

Examine sensor data quality.

How do PM, . levels fluctuate hourly when summarized?

How much variability is between the two study districts?
How much sampling is enough sampling?




Sensors & Data

LCS Atmos

LCS Aerogram

Original dataset from Atmos and Aerogram:
4,731,027 TOWS o
- Data points taken up to every minute ==
- Data from Oct. 2021 to April 2023

3,931,382 rows without colocation
3,368,468 rows without flagged

Dataset includes:

Device ID, district, latitude/longitude,
timestamp, relative humidity, temperature,
pm 1, 2.5, 10, and primary and secondary
cookstove (traditional or LPG)




Data Cleaning and Merging

Device IDs Mean PM; 5

without flags

I device_id
: ES AFce Data Flags:
. E3 AFD4
z . . | g . flagdict = {"temp": [10, 50], #(valid temp is >=10, <=50)
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Data Analys

All Habitation PM 5

+/-1 STD
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Hourly Fluctuations
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- Observed peaks during cooking times
& - Varies by district
’ - Generated hourly heatmap in ArcGIS Pro
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- Spatial temporal distribution of PM, ,
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Comparing Districts g

Median PM, 5 ( KK vs NP)

Median PM, 5 (NP vs. KK)
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Sampling Analysis

Number of Random Samples vs. Average Absolute Differences Random Sampling of Days _’3

- Took one sensor from one habitation

- Randomly sampled (1, 2, ... n) number
of days

- (Calculated distance from overall
mean
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Average Absolute Difference
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How does the distance from the overall
PM, . mean change when we randomly
sample one day? Two? One week? Etc.
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Sampling Analysis (cont.)

Number of Random Samples vs. Average Absolute Differences

34 Expanded Random Sampling up to 180 =
30 - Days

- Trend: variability from mean
decreases as sample days increase
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Limitations: | Future Work:

e Data gaps: missing aerogram (sd card) data cannot ~_: ., e Analysis of primary and secondary cookstoves.
be recovered '

e (Continue sampling analysis to determine number
o Atmos (cloud) data can potentially be recovered

of sensors needed.
Low cost sensors need to be calibrated to be 100%

e Using ambient air monitoring to measure the
accurate, but overall PM, , trends should remain the

transition of households to clean fuels.
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Learned a lot this summer! :)
—> my first graphs:
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