
Ishapathik Das
IIT Tirupati

Tirupati, AP, India

SGD-2023
JUNE 15, 2023



Air Pollution

Ø Air pollution is the biggest intimidation to public health and one of 

the primary reasons to cause respiratory hazards and chronic 

obstructive pulmonary disease (COPD) as a result risk of a patient 

being attacked by the COVID-19 virus is too high.

Ø The pollution at an alarming level attracts the researchers’ 
recognition so much that the influence of different policies for 

example odd and even trials, implementation of CNG fuel are 

reviewed in detail.





Poor air quality, extreme weather wreaking havoc on health of Delhi's 
outdoor workers – 
https://www.nationalheraldindia.com/national/poor-air-quality-extreme-
weather-wreaking-havoc-on-health-of-delhis-outdoor-workers.



Introduction

Ø Transport sector emission inventory for megacity Delhi has been developed 
for the period 2000-2005 to quantify vehicular emissions and 

Ø Evaluate the effect of relevant policy reforms on total emissions of various 
air pollutants like CO2, CO, HC, NOx, SO2, etc. over the years to assist in 
future policy formulations. 

Ø Emission factor and vehicle utilization factor based approach as 
recommended by IPCC [13] have been used for estimating emissions. 



Introduction

Ø Megacity Delhi – the National Capital Region of India – is one of the most 
polluted cities in the world [25] having transport as major source of criteria 
area pollutants [12].

Ø In terms of emissions of various pollutants, Delhi was among the top five 
SO2 emitting megacities of the world in early nineties and transport sector 
was the prime culprit for it [11]. 

Ø Mashelkar et al. (2002) [18] state that the emission range of NOx from 
transport sector is 66% to 74% in Delhi.

Ø CPCB (Central Pollution Control Board) [4] data shows that almost 50% of 
the emission in Delhi is from vehicular activities, followed by domestic, 
industrial, and power plants. 



Introduction

Ø According to Xie and Shah (2002) [26], diesel driven vehicles were the 
major source of NOx emission in Delhi, whereas least contribution was 
from two- and three-wheelers. 

Ø According to ADB (Asian Development Bank) [1], diesel driven vehicles 
are the major contributor of PM emission among all vehicle categories in 
Delhi. 

Ø As a consequence, incidence of respiratory diseases in Delhi is 12 times the 
national average, and 30% of Delhi’s population suffers from respiratory 
disorders [16]. 

Ø Its poor air quality is responsible for about 18600 premature deaths per year 
[22]. 





CO2 Emission

Ø The CO2 emissions increased by about 24% from 13.36 Tg in 2000 to 16.62 
Tg in 2005. 

Ø From 2000 to 2002, emissions decreased by about 11% from 13.36 Tg in 
2000 to 11.92 Tg in 2002 followed by rising trend till 2005.

Ø  Implementations of various emission norms and phasing out of old vehicles 
during this period might be responsible for decreased emissions during 2001 
and 2002. 

Ø Increasing vehicle population led to rising emissions between 2002 and 
2005. 



CO Emission

Ø Emissions of CO increased by 78% from 197 Gg in 2000 to 350 Gg in 
2005. 

Ø Gradual increasing trend was observed in emissions from 2000 to 2001.

Ø  Increasing two wheeler population might be responsible for the 
gradual increment in CO emissions during 2000 to 2005.



HC Emission
Ø Hydrocarbons (HC) emission increased 1.3 times from 96 Gg in 2000 to 

222 Gg in 2005. 

Ø Highest increment in HC emission was observed from 107 Gg in 2001 to 
177 Gg in 2002 (65%). 

Ø After 2002, HC emissions showed a constant rising trend.



NOX

Ø NOx emission trend, in comparison to other pollutants, showed a different 
scenario. 

Ø About 0.5% of decline was observed in NOx emission (105 Gg in 2000 to 104 
Gg in 2005). 

Ø During 2000 to 2002, steep decreases were observed followed by steadily rising 
emission trend until 2005. 

Ø Highest increase (23%) was found during 2002 to 2003; followed by 6% annual 
average increase till 2005.

Ø Goods vehicles were the predominated source of NOx emission (51%) followed 
by buses (36%), cars (6%), two wheelers (6%), and autos (1%) during the study 
period.



TSP Emission

Ø Total suspended particles (TSP) emissions, increased from 8 Gg in 2000 to 
10 Gg in 2005 (about 31% increment). 

Ø Two-wheelers were responsible for high TSP emissions (40%) during 2002-
2005 followed by goods vehicle (29%), buses (19%), cars (10%) and autos 
(2%). 

Ø However, it is observed that TSP emissions from goods vehicles were 
higher before 2002. 

Ø It shows the efficacy of CNG implementation and clean fuel related 
initiatives taken after 2001. 



SO2 Emission

Ø Approximately 9% of the decrease was observed from 12 Gg in 2000 to 11 
Gg in 2005, with highest decrease (32%) between 2000 and 2002. 

Ø After 2002, emissions increased with annual average rate of 7.69% per year, 
but were less in comparison to those of 2000. 

Ø Buses contributed highest amount (45%) of SO2 followed by goods vehicle 
(31%), cars (12%), two-wheelers (11%) and auto (1%) 



Study Area
Ø We selected Delhi, the capital of India, to study the air pollution of 

BL and DL during the first wave of the Covid-19 pandemic in India.

Ø We considered the air pollution data collected by the monitoring 
stations, maintained by the Central Pollution Control Board 
(CPCB). 

Ø The dataset contains 38 monitoring stations, where the data were 
collected over 24 hours.

Ø The time period was taken from 1st January 2019 to 28th February 
2021. 













Inverse Distance Weight (IDW)





Choice of p

Figure: R2 and RMSE vs. p in IDW



IDW Contour Plot-I

Figure: IDW for BL.



IDW Contour Plot-II

Figure: IDW for DL



Ordinary Kriging (OK)



Minimizing Error Variance



OK Contour Plot-I

Figure: OK for BL.



OK Contour Plot-II

Figure: OK for DL.



Random Forest Regression Kriging (RFK)



RFK Contour Plot-I

Figure: RFK for BL.



RFK Contour Plot-II

Figure: RFK for DL.



AQI Contour Plot-I

Figure: Contour of AQI for BL



AQI Contour Plot-II

Figure: Contour of AQI for DL









Spatial Copula



Convex Combination of Copulas



Spatial Copula



Spatial Copula



Spatial Copula



Spatial Copula



Limitations



Proposed Advancements



Spatial Random Field (SRF)



Estimating Marginal PDFs and Parameters



UMVUE of VM Distributions



C-Vine Copula



Spatial Copula Interpolation



Hierarchical Spatial Clustering (HSC)



HSC of Study Area



Spatial Region (SR)



SR of Study Area



Conditional Spatial Copula



CCDF of Unobserved Random Points



Spatial Interpolation



Algorithm



Spatial Bayesian Vine Copula (SBVC)



Histogram





Spatial Variation



Choice of PDFs



Two-way ANOVA



Spatial Autocorrelation



Spatial Interpolation using SC and SBVC





Conclusions
Ø The proposed models’ SC and SBVC are extensions of the previous spatial copula-

based models that majorly addressed issues such as bin selection, usage of MLE to
estimate the parameter in missing data sets, and so on.

Ø Compare to other geostatistical models, the proposed SC and SBVC are very effective 
and provide nearly accurate results.

Ø The SC model produces better results for spatially skewed spatial random fields and
provides a mathematical argument for selecting essential covariates.

Ø This model is explained in this study using a real-world data set of PM concentrations
in the air. Still, this algorithm can be used in other scenarios such as mining,
temperature modeling, meteorological modeling, and so on.

Ø This algorithm may be more advantageous than other spatial estimation models
because it makes no assumptions about Gaussian distribution, intrinsic stationarity,
dynamic behavior, or skewed data sets.
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