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H I G H L I G H T S  G R A P H I C A L  A B S T R A C T  

� Novel method for identifying regional 
background sites for PM2.5 measure
ment developed. 
� Methodology includes use of physical 

criteria and satellite-derived PM2.5 
proxy. 
� Satellite-derived PM2.5 using AOD and 

conversion factors from GEOS-Chem 
utilized. 
� Sites identified using metrics such as 

CoD, PCC, and MI to assess homogeneity 
in PM2.5. 
� Identification of 11 regionally repre

sentative PM2.5 sampling sites for 
COALESCE.  
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A B S T R A C T   

Air quality management and assessment of aerosol climate effects over a large area require the strategic 
placement of regionally representative monitoring sites (RRMS) to capture the required information. Ground- 
based, fine particulate matter (PM2.5) concentrations measured for a long duration at high spatial resolution i. 
e. at several potential locations in a region help identify an optimal regionally representative site for the 
monitoring network. However, in the absence of long-term PM2.5 concentrations with high spatial resolution, 
identification of RRMS is a challenge. To identify for such situations, a novel methodology utilising satellite- 
derived PM2.5 is presented in this study. High spatial resolution (1 km � 1 km) daily aerosol optical depth 
(AOD) over several years (2004–2011) is used to derive surface PM2.5 using appropriate conversion factors. 
PM2.5 concentrations thus derived for a potential site and its nearby cells in the region are subjected to statistical 
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analysis, to quantify linear/non-linear relationships between the respective PM2.5 time-series. Metrics such as 
coefficient of divergence (CoD), Pearson correlation coefficient (PCC) and Mutual information (MI) are calcu
lated to assess the regional representativeness of a site. These criteria combined with physical criteria such as 
proximity of the site to local sources, local meteorology analysis and clustered air parcel back-trajectory analysis, 
are used in a weight-of-evidence approach to establish site adequacy. The selection and validation of eleven sites 
for the COALESCE project, is used as an illustrative example, to demonstrate the effectiveness of the site-selection 
methodology developed in this study.   

1. Introduction 

Atmospheric aerosols consist of a mixture of sulphates, nitrates and 
carbonaceous particles and are produced from various natural and 
anthropogenic sources. These aerosols play an important role in regional 
air quality, atmospheric chemistry and climate change (e.g., Hansen 
et al., 2000; Pachauri et al., 2013). An increase in concentration of at
mospheric aerosols has both health and environmental implications (e. 
g., Dockery et al., 1993; Shah et al., 2013). Thus, it is essential to identify 
the major regional sources of atmospheric aerosols to curb their 
increasing concentration. This, in turn, requires adequate monitoring of 
aerosols at a regional level which can be achieved by developing an 
effective monitoring network consisting of several sampling locations 
with appropriate sampling duration and sampling frequency. Each 
sampling site in the network should be representative of regional aero
sols characteristics but not unduly influenced by nearby sources (Chow 
et al., 2002). A regional aerosol monitoring network helps apportion and 
identify the sources of aerosol emissions, thereby enabling appropriate 
policy-related decisions and development of suitable control strat
egies/technologies. Thus, setting up a monitoring network consisting of 
regionally representative monitoring sites (RRMS) is vital. 

Regional aerosol networks are currently deployed in several coun
tries. In particular, the US Environmental Protection Agency (USEPA) 
has set-up the Chemical Speciation Network (CSN) for ambient aerosol 
monitoring sites to enable control of emission of aerosols (US EPA, 
1999). The sites selected for monitoring are objective-based and serve a 
particular purpose. Additionally, to improve the visibility in national 
parks in the US, National Park Service (NPS) introduced IMPROVE 
program which identified sites based on a particular set of conditions. 
These conditions mostly check the influence of local sources on the site 
by checking its distance from the nearest roads, checking for obstruction 
of airflow by trees and logistical availability of the site (IMPROVE, 
2016). Other studies include short term measurements at several sites in 
a region and identifying the most RRMS based on statistical analysis 
using Coefficient of Divergence (CoD) and Pearson Correlation Coeffi
cient (PCC) metrics (e.g., Kim et al., 2005; Wongphatarakul et al., 1998). 
In contrast to short-term sampling, long term sampling helps understand 
the characteristics of a site based on seasonal differences and specific 
events. 

To set-up sites which represent the spatio-temporal characteristics of 
the region around it, i.e., RRMS, knowledge of the current PM2.5 con
centration levels and patterns within a region is essential. Further, 
carbonaceous aerosols often constitute a significant mass fraction of fine 
particles (particulate matter whose aerodynamic diameter is less than 
2.5 μm, PM2.5). India only has a limited number of operational ground- 
based PM2.5 monitoring stations, and most of them are located in urban 
areas with inadequate rural coverage (Balakrishnan et al., 2015). Some 
of the significant PM monitoring network across India include, (a) The 
National Air Quality Monitoring Programme (NAMP) which monitors 
SO2, NO2 and PM10 at 703 air quality (AQ) stations across 307 cities and 
towns and; (b) Continuous Automatic Air Quality Monitoring Station 
(CAAQMS) which monitors SO2, NO2, PM10, CO, O3 and BTEX (Benzene, 
Toluene, Ethylbenzene and Xylene) at 130 CAAQM stations spread 
across 65 cities in India (CPCB, 2014). While data from both the net
works are made available online for public use, it is often plagued with 
incomplete or missing data (Pant et al., 2019). 

To the best of our knowledge, approaches to design an effective 
regional aerosol monitoring network in the absence of comprehensive 
long-term in-situ PM2.5 measurements are not available in literature. 
This work addresses the problem of designing a regional aerosol moni
toring network in the absence of comprehensive ground-based in-situ 
PM2.5 measurements. While obtaining high spatial resolution PM2.5 data 
using conventional ground-based measurement techniques may not be 
always feasible, aerosol products (such as Aerosol Optical Depth, AOD) 
from satellites can be used as a proxy for PM2.5 measurements, which 
have high spatial coverage (global) over a number of years (2002-pre
sent). In this work, we utilise a widely available satellite aerosol product, 
AOD, instead of in-situ PM2.5 measurements, coupled with other ancil
lary information, to build a weight-of-evidence approach for site selec
tion. Ancillary information includes scaling factors developed from 
modelling to estimate surface PM2.5 from AOD, information about the 
local sources and local meteorology along with clustered back-trajectory 
analysis and statistical analysis using complimentary metrics such as 
CoD, PCC and Mutual Information (MI) to check for the regional 
representativeness of a sampling site. 

The usefulness of the framework developed in this work is demon
strated by its application to design a regional aerosol monitoring 
network in India, as a part of the COALESCE (Carbonaceous Aerosols 
Emission, Source apportionment and Climate Impacts) project. The 
main objectives of the COALESCE project are to understand, (1) regional 
carbonaceous aerosols – their primary source sectors and influence, (2) 
carbonaceous aerosols – atmospheric transformation and processes 
including those that influence regional air quality and climate. The 
project design and its specific objectives are discussed elsewhere (Ven
kataraman et al., 2020). This multi-institutional project seeks to operate 
eleven sites (number of sites dictated by budgetary and logistical con
straints) sampling PM2.5 every other day for two years (2019, 2020). It 
was desired to strategically locate these sites such that they capture not 
only regional PM2.5 but also the spatial variability across regions of 
India. 

2. Methodology 

Understanding of the local and physical features of each site is 
essential to ensure its regional representativeness. Blanchard et al. 
(1999) defined spatial/regional representativeness of a monitoring site 
as the area within which the pollutant concentration is approximately 
constant. The site is termed as spatially representative if the concen
trations at the adjoining area is within 20% of that recorded at the site. 
The methodology developed in this study evaluates a site and its sur
rounding area based on a weight-of-evidence approach. In addition to 
compliance with the physical site guidelines (see section 2.1), this 
approach consists of the use of trajectory-ensemble cluster analysis 
method along with statistical analysis on satellite-derived data for fine 
PM. Complementary metrics such as Coefficient of Divergence (CoD), 
Pearson Correlation Coefficient (PCC) and Mutual Information (MI) are 
calculated for fine PM concentrations to select regionally representative 
sites. Fig. 1 shows a summary of the steps involved in the site selection 
process with a discussion of each item in the following sub-sections. 
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2.1. Site information and meteorology 

Local information plays an essential role in identifying key drivers of 
PM2.5 concentration at a site. Specifications of local information criteria 
used to identify the potential measurement sites are discussed in detail 
in supplemental text S1. In a nutshell, the identified site should satisfy 
the following criteria:  

1) Site should be physically distant from local sources such as paved 
and unpaved roads, agricultural field burning and residential 
biomass burning.  

2) Site should not be downwind of a large point source to avoid its 
dominance on PM2.5 concentration at the site: The influence of large 
local sources can be assessed by analysing local meteorolog- ywind 
speed and wind direction (see Section 2.1.1).  

3) Site should not be affected by local topography such as lakes, hills, 
valleys and other features that may affect or alter the wind pattern in 
the nearby area (see supplemental text S1.2).  

4) Site should be representative of the regional long-range transport 
characteristics: These characteristics can be assessed by using clus
tered back-trajectories (see Section 2.1.2). 

2.1.1. Local meteorology 
Shenfeld (1970) extensively studied the effect of meteorological 

parameters on the amount of pollution in the atmosphere. Meteorolog
ical parameters such as wind speed, wind direction together with the 
level of emission, affect the dispersion and transport of particulate 
matter and influence spatio-temporal variability. High wind speed hin
ders the rise of pollution in elevated sources, thus ground level 

concentration increases, while for sources at a lower height, the greater 
the wind speed, higher the dilution which results in low ground level 
concentration. Wind direction and its persistence is a significant factor 
in predicting the air pollution potential of an area when the primary 
source of the pollutants is elevated sources. A wind-rose plot can visu
alise the wind speed and wind direction data. This information along 
with a map of point sources are used to assess the potential for PM2.5 
sampled at the site to be locally dominated. Sites affected by local 
sources may be inhibited in their ability to capture background con
centration and may not represent the region around it well. 

2.1.2. Back trajectory ensembles 
In-situ parameters and meteorology, while providing information 

about potential local source influence, fail to address the issue of air 
parcels transported over long distances. Air parcels while passing from 
one region to another accumulate and deposit pollutants. Air parcel 
back-trajectory analysis is widely used to determine the origin of the air 
masses and their transport pathways to establish a source-receptor 
relationship (e.g., Occhipinti et al., 2008; Han et al., 2005). These tra
jectories may not represent the exact path of the air parcel but are 
suitable to identify a particular synoptic-scale transport (e.g., Delcloo 
and De Backer, 2008; Stohl et al., 2002, 2001). Back-trajectory models 
such as HYSPLIT can be used to generate back trajectories. To obtain 
meaningful information, back-trajectories should be generated for 
different seasons. However, this can lead to a large number of trajec
tories over a span of a year, making it difficult to directly interpret the 
origins of the trajectories. To address this issue, this study uses k-means 
clustering to group the trajectories to obtain broad categories of origins. 
k-means is a multivariate clustering technique and can be used to cluster 
the trajectories into a user-specified number of groups such that the 

Fig. 1. Stepwise weight-of-evidence approach for site selection.  
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intra-cluster variability is minimized. The change in objective function 
with a change in a number of clusters is observed and the point beyond 
which there is no significant reduction in the objective function value, is 
used to decide the number of clusters. The resulting clustered trajec
tories help identify significant source regions and probable sources that 
contribute to the concentration of particulate matter at the site under 
consideration. Details of the approach are discussed in supplemental text 
S2. 

2.2. Utilising a satellite derived proxy for daily surface PM2.5 

While it is essential to analyse the site based on local information, for 
a site to be regionally representative, the PM2.5 concentrations at the site 
should be representative of the PM2.5 concentrations in the neighbour
hood of the site. To assess this representativeness, information about the 
PM2.5 concentrations in the neighbouring regions is required. In the 
absence of such information from extensive ground-based surface 
measurements, this study utilises a satellite-derived proxy. 

Satellites such as NASA’s Aqua and Terra, equipped with moderate 
resolution imaging spectrometer (MODIS) sensor, pass over the Indian 
region daily at 10:30 IST and 13:30 IST (and 01:30 IST – night time) 
respectively (NASA, 2000 and NASA, 2002). The satellite-derived 
aerosol product is processed using the Multi-Angle Implementation of 
Atmospheric Correction (MAIAC) algorithm which generates high 
spatial resolution (1 km � 1 km) AOD data (Lyapustin et al., 2018, 
2011). This study uses the MAIAC AOD data to estimate the PM2.5 
concentration by using the conversion factor (CF) (available offline) 
developed by van Donkelaar using the product of GEOS- Chem Chemical 
Transport Model (van Donkelaar et al., 2010, 2015) on a daily scale with 
10 km � 10 km resolution. The conversion factor represents the ratio of 
the 24 h model derived PM2.5 to AOD (Liu et al., 2004) as shown in 
equation (1); 

satellite derived PM2:5 ¼

�
PM2:5

AOD

�

model
� satellite derived AOD (1) 

The daily value of model-derived 24-h average PM2.5 calculation is 
based on two different relative humidity values such as at 35% for US/ 
Canada and 50% for European Surfaces (van Donkelaar et al., 2010). So, 
some uncertainties could be present in our PM2.5 estimation over Indian 
region, because of the different relative humidity used in the conversion 
factor. Literature also reports PM2.5 estimation using the MAIAC AOD 
product (Just et al., 2015; Lee et al., 2016) with several advantages and 
disadvantages (Chu et al., 2016). In this study, we estimated the PM2.5 
product by downscaling the conversion factor’s resolution to 1 km (ac
cording to MAIAC resolution) and then multiplying it (CF) with the 
MAIAC AOD product. Despite the uncertainties in the specific values of 
PM2.5 estimated by Equation (1), this approach facilitates analysis of 
long-term trends and inter-comparisons between PM2.5 in various grid 
cells. 

The high-resolution data obtained from the satellite can be used to 
assess the representativeness of the potential monitoring site by 
comparing its satellite-derived PM2.5 values with satellite-derived PM2.5 
values in the neighbouring cells. Satellite data is available for several 
years (2002–2019), and thus, data at cells of interest can be compared in 
terms of magnitude and changes in trends. Pearson Correlation Coeffi
cient (PCC) and Coefficient of Divergence (CoD) are complementary 
metrics which can be used for site assessment and both have found 
application in the field of air quality monitoring (AQM), for comparing 
the concentration of pollutants at two monitoring sites (Krudysz et al., 
2009; Xie et al., 2012a). However, their use with satellite data derived 
PM2.5 for network site selection presented in this work is novel. For 
subsequent discussions in this section, let vectors X and Y indicate the 
time series of satellite derived PM2.5 values at the potential monitoring 
site, and a neighbouring cell under consideration, respectively. In 
particular, 

X ¼ ½x1 x2 … xn�’ (2)  

Y ¼ ½y1 y2 … yn�’ (3)  

where xt, yt, for all t ¼ 1; 2;…n, are the satellite-derived PM2.5 values at 
time instant t at the potential monitoring site, and the neighbouring cell 
under consideration. 

2.2.1. Coefficient of divergence 
Coefficient of Divergence (CoD) (e.g., Kim et al., 2005; Wongpha

tarakul et al., 1998) is used to evaluate the similarity of PM2.5 values 
between the potential sampling site and the neighbouring cells and it is 
defined as: 

CoD ¼

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
1
n
Xn

t¼1

�
xt � yt

xt þ yt

�2
s

(4)  

where, xtand yt are values of PM2.5 at the reference cell and a neigh
bouring cell at tth time instant respectively, n is the total number of time 
instants. 

CoD values close to zero represent uniformity between a pair of 
samples and in turn represent similarity in the cell values, while the 
values close to unity represents complete divergence thereby indicating 
that the PM2.5 values in the two cells are quite different. Studies in the 
literature suggest that if the CoD value is less than 0.2, the cells may be 
considered spatially homogeneous while when the value is above 0.2, 
the cells are spatially heterogenous (eg., Krudysz et al., 2009; Wilson 
et al., 2005). CoD compares the pair of values at a certain time instant, 
and fails to take trends in time series into consideration; thus, PCC is 
used alongside CoD to check if there exist a linear relationship between 
the PM2.5 values in the two cells under consideration. 

2.2.2. Pearson Correlation Coefficient 
Pearson Correlation Coefficient (PCC or r) is used to show the degree 

of correspondence of satellite-derived PM2.5 between the potential 
sampling site and the neighbouring cells. It is defined as: 

rx;y ¼

1
n

Pn
t¼1ðxt � μxÞ

�
yt � μy

�

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
1
n

Pn
t¼1ðxt � μxÞ

2
q ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi

1
n

Pn
t¼1

�
yt � μy

�2
q (5)  

where, rx;y is the PCC between vector at the reference cell and neigh
bouring cell over all n time instants, xtand yt are values of PM2.5 at the 
reference cell and neighbouring cell at tth time instant respectively, 
while μx and μy are mean values of PM2.5 at the reference cell and 
neighbouring cell over all n time instants respectively. 

PCC between cells can be used to check the uniformity of pollutant in 
a particular region when long time series data is available (Wongpha
tarakul et al., 1998). In particular, higher magnitude of PCC, i.e., a value 
close to unity (both positive and negative), indicates that the PM2.5 
values at the two sites are proportional. While PCC is a measure of 
strength and direction of the linear relationships between the two var
iables under consideration, it will have low values (close to zero) in case 
the variables are not linearly related but nevertheless have a strong 
nonlinear relationship. In such cases, PCC will not be adequate to assess 
representativeness and other metrics which can quantify similarity in 
the presence of nonlinear relationships are needed. 

CoD and PCC are used as complementary tools because, while a high 
CoD (indicating heterogeneity) could be the result of concentration 
changes, it may still lead to high PCC if the two cells captured the same 
air mass since in this case the change in concentration will not affect 
their co-variance. On the other hand, a high CoD accompanied by a low 
PCC is a strong indicator of the two cells being heterogeneous and low 
CoD with high PCC indicates homogeneity between two cells (Krudysz 
et al., 2008; Wongphatarakul et al., 1998; Xie et al., 2012b). Thus, CoD 
and PCC plots are used together for regional background site 
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identification to minimize the likelihood of obtaining a false positive 
(locations identified as homogenous in concentration when they are not) 
or a false negative (locations identified as heterogeneous in concentra
tions when they are actually not so); especially when the potential 
sampling site is being compared with the neighbouring cells which are 
not in close proximity to this site. The false-positives may arise due to 
the stagnant air mass while false-negatives may arise due to trans
port/diffusional, and depositional losses (Siudek and Frankowski, 
2017). Additionally, the vectors X and Y may be related non-linearly 
which can be attributed to both meteorology and topographical 
feature of the site and nearby region. In such cases, despite being 
regionally representative, the site will fail the CoD and PCC based test, 
and hence additional metrics which can assess the representativeness for 
such situations are needed. In this work, we use Mutual Information (MI) 
for this purpose. 

2.2.3. Mutual information 
Used extensively in probability and information theory, mutual in

formation (MI) is used to measure the mutual dependence between two 
variables. This dependence can be explained in terms of the amount of 
information about one variable that can be obtained from the other 
variable. PM2.5 values used for the analysis are continuous variables. For 
continuous random variables, the MI is defined as (Cover and Thomas, 
1991): 

IðX; YÞ ¼
Z

Y

Z

X

Pðx; yÞlog
�

Pðx; yÞ
PðxÞPðyÞ

�

dxdy (6)  

where, Pðx; yÞ is the joint probability density function of X and Y 
and;PðxÞ and PðyÞ are the marginal probability density functions of X 
and Y, respectively. 

An alternative way to define MI is (Cover and Thomas, 1991): 

IðX;YÞ¼ hðXÞ � hðXjYÞ¼ hðYÞ � hðYjXÞ (7)  

where, hðXÞ is the differential entropy of variable X, and hðXjYÞ is the 
conditional differential entropy of X given Y. 

Thus, MI captures the reduction in entropy of X due to knowledge of 
Y. It should be noted that MI is a symmetric measure, i.e. IðX;YÞ ¼ IðY;
XÞ. Intuitively, the amount of information that X and Y share constitutes 
the MI. Hence, for cases where X and Y do not share any information, i. 
e., the variables are independent, MI is zero. Note that variables which 
are dependent but uncorrelated will have PCC value of zero, but MI will 
still be high. Thus, MI can be used as an additional metric for assessing 
regional representativeness when the variables may have a nonlinear 
relationship. Given vectors X and Y of satellite-derived PM2.5 values, the 
proposed MI algorithm shown in Fig. 2, can be divided into two parts.  

1. Kernel density estimation (KDE): KDE is a non-parametric method 
to estimate the probability density function (PDF) of the variable 
under consideration. To obtain the joint density, a 2D kernel density 
estimation procedure needs to be used. For our problem, we obtained 
ranked and normalized (Steuer et al., 2002) vectors ~X, ~Y from the 
original vectors X and Y. A 2D Gaussian kernel density is then fit 
through ~X and ~Y data to estimate the joint probability density 
function (joint-PDF). Once joint-PDF is obtained, the marginal-PDF is 

Fig. 2. Schematic for computing Mutual Information.  
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obtained by numerically integrating the joint-PDF. These joint and 
marginal-PDFs are used to compute MI.  

2. Numerical Integration: Since the analytical form of the joint-PDF 
and the marginal PDFs is not available; the integral in Equation (6) 
needs to be computed numerically. Towards this end, we approxi
mated Equation (6) as: 

Ið~X; ~YÞ ¼
XN

j¼1

XN

i¼1
P
�

~xi;~yj

�

log

"

P
�

~xi;
~yj
�

Pð~xiÞP
�
~yj
�
#

ΔxΔy
(8)  

where, Δx and Δy are user-specified interval length parameters for x 
and y, while the number of points (N) used in Equation (8) in the x (or y) 
dimension are considered to be equispaced with grid spacing Δx (or Δy) 
in the range μ

~x � kxσ
~x : Δx : μ

~x þ kxσ
~x (similarly for μ

~y � kyσ
~y : Δy : μ

~yþ

kyσ
~y) with kx (or ky) being a user-defined parameter. 
In addition to meeting physical siting and meteorology-based 

criteria, a proposed site can be considered regionally representative 
for PM2.5 sampling, if low CoD, high PCC and high MI values for PM2.5 
concentration are obtained between the selected location and grid cells 
in the region (typically 200 km–500 km) around it. 

3. Results and discussion 

3.1. Site selection for the COALESCE project – illustrative example 

It was required to identify eleven regionally representative PM2.5 

sampling sites across India under the aegis of the COALESCE project 
(Venkataraman et al., 2020). The weight-of-evidence approach dis
cussed in the previous section was utilized to finalize the sampling sites 
(Fig. 3). Details of site selection are presented in the following sections. 

3.1.1. Local information and meteorology for site selection 
Each consortium institute of the COALESCE project identified several 

sites and performed a detailed evaluation using the local and meteoro
logical information. Bhauri site proposed by IISER Bhopal is used to 
elucidate the details about the local and meteorological data collected 
for each site; details of all other sites are presented in supplemental text 
S4. 

Bhauri (Bhopal) site is about 20 km from the city of Bhopal and has 
an average altitude of about 500 m above the mean sea level. The site is 
surrounded by grass, trees, pavements and some buildings within 200 m. 
The site does not have any continuous pollution source and is about 
200 m away from a roadway with moderate traffic. The site is at least 
500 m away from crops, barren land and loose soil, unpaved road and 
any domestic or agricultural burning sites. The site is also at least 
500–1000 m away from other sources of pollution such as diesel gen
erators, water treatment plant, and construction sites, making the site an 
ideal choice for ambient sampling. The site is easy to access throughout 
the year and has continuous availability of electricity. The site is 
adequately away from most of the local sources and is not downwind of 
any large point sources. 

To assess the regional long-range transport characteristics, an offline 
version of the HYSPLIT model (Draxler and Hess, 1998) is used to obtain 
5-day (120 h) daily back trajectories at arrival heights of 100, 500 and 

Fig. 3. Site locations identified for the COALESCE project (adapted from Venkataraman et al., 2020).  
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1000 m. A total of 1095 trajectories were clustered using k-means 
clustering into five clusters. The annual clustered back-trajectories are 
shown in Fig. 4. It shows that the clusters 2 and 4 (contributing 52% of 
the trajectories) originate over North-Western and North-Eastern India 
(Indo-Gangetic Plain (IGP)). Further, clusters 1 and 3 (contribute about 
32% of the total trajectories) originate over the Arabian Sea and 17 per 
cent of the total trajectories originating over the Arabian Peninsula 
constitute cluster 5 (Fig. 4). 

The clusters of trajectories received at the receptor site contribute 
differently during the different seasons, as shown in Fig. 5. Table 1 
summarises the seasonal information provided by the trajectories. 
Cluster 2 and 4 originating over the Indian landmass, with few trajec
tories originating over the Arabian Peninsula and Northern Africa 
dominate during the winter season. Cluster 1 and 5 originating over the 
Arabian Sea and Arabian peninsula and cluster 4 originating over North- 
western India contribute to the majority of the trajectories during the 
pre-monsoon season. Cluster 1 and 3, both originating over the Arabian 
Sea contribute to the trajectories during the monsoon season, and both 
the local clusters, cluster 4 originating over northern India and parts of 
Pakistan and cluster 2 originating over the Indo-Gangetic Plain (IGP) 
contribute to the trajectories during the post-monsoon season. Both 
winter and post-monsoon season share similar long-range transport 
characteristics. This analysis helps identify sites that are likely to be 
influenced by sources located in various geographical locations, thus 
ensuring that the samples collected are regionally representative. 

While back trajectory analysis helps understand the long-range 
transport of air parcel received at the site, meteorological information 
from the nearest weather station helps understand the local wind pat
terns. Indian Space Research Organisation’s (ISRO) automatic weather 
station (AWS) station located at Samardha Village about 40 km North- 
East-East of Bhopal was used to obtain daily meteorological data 
(from 2011 to 2016, but with approximately 43% data missing in 2014). 
It was observed that most of the air parcels received at the site were from 

the NNE to SE direction (Fig. 6) suggesting sources located in this wind 
sector may affect the concentrations at the site. It can be concluded that 
local sources in the above directions may have greater influence as 
compared to source in other directions. It is however pertinent to note 
that there are no major point sources in the immediate vicinity of the 
chosen sampling site. 

3.1.2. Surface PM2.5 derived from satellite AOD 
For the eleven sites identified based on criteria discussed in Section 

2.1, their regional representativeness was assessed using high-resolution 
satellite-derived AOD to obtain surface PM2.5 concentrations. The PM2.5 
data used is 1.5 km � 1.5 km spatial resolution (1 km� 1 km is 
regridded to 1.5 km� 1.5 km) daily data for the Indian landmass for 8 
years (2004–2011). While the AOD data is available from 2000 onwards, 
the conversion factors used to convert AOD to PM2.5 were only available 
from 2004 to 2011. Different metrics are used to check the spatial 
representativeness of the reference cell (X) with the neighbouring cell 
(Y). There is a possibility that the data is not available at all-time in
stants at both the cells simultaneously due to cloud cover and different 
satellite swath; such data is discarded and only data available at the 
same time instant for both the cells are used for computations. Details 
about stepwise download and processing of the data are explained in 
supplemental text S3. 

Based on CoD and PCC metrics, most of the sites comply with the set 
criteria of CoD (<0.2 in the neighbourhood (at least 80–100 km on all 
sides of the RRMS) and PCC (>0.5 in the neighbourhood) for regional 
representativeness, except for Pulibor site at Jorhat. Results for Bhauri 
(Bhopal) site and Pulibor (Jorhat) site are used to illustrate the use of 
CoD, PCC and MI in assessing the regional representativeness. Results 
for all other sites are discussed in supplemental text S4. 

Pulibor (Jorhat) site showed a small region where the CoD values are 
less than 0.2 while the PCC values were high over a vast region. The high 
CoD values imply spatial heterogeneity while high PCC values suggest 

Fig. 4. Bhauri (Bhopal) site’s annual HYSPLIT back trajectories for the year 2017, classified into five clusters using k-means clustering.  
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good linear relationship temporally around the site as shown in Figs. 7 
and 8, respectively. Pulibor (Jorhat) site does not qualify as a regionally 
representative site based on the CoD and PCC because of a small region 
(approx. 40 km in all directions) with CoD values less than 0.2 along 
with high PCC values in a larger region (approx. over 100 km in all di
rection) around the site. The use of MI captures the non-linear re
lationships in the data over time. The region with MI values more than 
0.5 covers a vast area (approx. over 100 km in all direction) corre
spondingly, the region with MI values more than 0.25 covers most of 
North-East India (Fig. 9). Thus, it can be concluded that despite not 
meeting the CoD criteria, the site represents the region well based on 

PCC and MI and measurements at the sites can be used proxy for the 
region. 

Bhauri (Bhopal) another proposed site exhibited both low CoD and 
high PCC in the site’s neighbourhood as shown in Figs. 10 and 11, 
respectively and confirms to the criteria for good regional representa
tiveness, which is also verified by the MI values (Fig. 12). Thus, for sites 
where the CoD and PCC fails to establish regional representativeness 
which essentially captures the linear relationship in the data, the sites/ 
cells may be related non-linearly due to meteorology, topography and 
other atmospheric factors. These non-linear relationships are captured 
by MI. Good agreement of CoD, PCC and MI suggest the utility of MI to 

Fig. 5. Bhauri (Bhopal) site’s seasonal HYSPLIT back trajectory for year 2017 a. Winter (JF), b. Pre-Monsoon (MAM), c. Monsoon (JJAS) and d. Post- 
Monsoon (OND). 

Table 1 
Bhauri (Bhopal) site’s annual and seasonal cluster contribution in percent for the year 2017. 
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validate the results of CoD and PCC. 

3.2. Summary of findings 

The PM2.5 sampling sites finalized for the COALESCE project utilising 
the methodology developed in this study are geographically well spread 
out across India, with Mahabaleshwar and Shallabaug (Kashmir) sites 
being high-altitude sites. These high-altitude sites help capture back
ground regional aerosol concentrations. All the eleven sites were sub
jected to compliance checks with the multiple criteria for acceptance. It 
was found that most of the sites were away from the major sources such 

as traffic, agricultural field burning, domestic biomass burning and 
unpaved roads. For some sites such as Sangareddy Rd, Hyderabad and 
Mesra where these sources are within 200 m, the emissions from these 
sources were very small in magnitude and are unlikely to affect the 
concentrations at the site. Each site was also assessed for influence from 
the large point sources and all sites except Delhi Rd., Rohtak were not 
subject to such influences. The Delhi Rd., Rohtak site was found to be 
downwind of an industrial area constituting mainly plastic and films 
plants, sugar mills, cattle feed plant and other medium and small-scale 
industries. However, this site was selected both for logistical reasons 
and due to the fact that this region of the country is seldom uninfluenced 
by industrial centres. Additionally, clustered back-trajectory analysis 
performed for all the sites suggest that the aerosol transported across the 
Arabian Peninsula, Arabian sea, Bay of Bengal and by some fast-moving 
westerlies carrying air parcels from the Mediterranean Sea are likely to 
be captured by some sampling sites. Further, most of the sites except for 
Shallabaug (Kashmir), had a significant influence from trajectories that 
originate/pass over the Indian landmass, which is desirable to under
stand the influence of different regions on other sites. For most of the 
sites except, Pulibor (Jorhat) and Shallabaug (Kashmir), both CoD and 

Fig. 6. Wind-rose plot for Bhauri (Bhopal) Site (2011–2016) (MOSDAC, 2020).  

Fig. 7. PM2.5 Coefficient of Divergence plot for Pulibor (Jorhat) site.  

Fig. 8. PM2.5 Pearson correlation coefficient plot for Pulibor (Jorhat) site.  

Fig. 9. PM2.5 Mutual Information plot for Pulibor (Jorhat) site.  
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PCC were useful to establish spatial representativeness of the site. De
tails about Pulibor (Jorhat) site were discussed in Section 3.1.2, while 
Shallabaug (Kashmir) site is affected mainly by the topography of the 
region around it. The site lies on the high-altitude plains trapped be
tween the high hills and mountains in both the north and south di
rections. Logistics and socio-political conditions dictated the choice of 
this site as a sampling location. Despite making an exception, mea
surements made at this location will provide the first long term inputs on 
the air quality status in the Kashmir valley and will be useful in driving 
policy interventions for this region. 

4. Discussions 

The study focuses on setting up an air quality monitoring network 
which measures the PM2.5 concentrations at regionally representative 
monitoring sites. It was proposed that regional representativeness of a 
site can be established using different metrics namely CoD, PCC and MI 
which enable comparison of a site with its neighbourhood. In this sec
tion, we discuss a few issues related to use of AOD-derived PM2.5 data, 
quantifying representativeness and assessing adequacy of the overall 

monitoring network. 

4.1. AOD based analysis 

Ideally, in-situ PM2.5 measurements at high spatio-temporal resolu
tion are desired for computing representativeness metrics (CoD, PCC 
and MI) proposed in this work but in the COALESCE study discussed in 
the current work such data was not available. Thus, PM2.5 obtained from 
widely available satellite aerosol product-AOD, was used. This involved 
estimation of surface PM2.5 from AOD using conversion factors devel
oped from modelling studies (van Donkelaar et al., 2010). In literature, 
Chu et al. (2016) has reviewed various studies for predicting ground 
PM2.5 concentration using satellite aerosol optical depth. While this 
conversion enabled analysis with AOD-derived PM2.5, the conversion 
from AOD to PM2.5 step introduces uncertainties in the analysis. Addi
tionally, this conversion may not be possible if the conversion factors are 
not available. Thus, for the potential sites in the COALESCE project, we 
additionally performed the representativeness analysis directly with 
AOD data. The spatial plots for CoD, PCC and MI generated using AOD 
data are presented along with the corresponding plots obtained using 
AOD converted PM2.5 data in Supplemental Figs. S4, S6, S8, S10, S12, 
S14, S16, S18, S20, and S22. The visual assessment of these figures leads 
to similar conclusions as that obtained from the analysis of the AOD 
converted PM2.5 data. 

4.2. Quantifying representativeness 

In this work, generation of CoD, PCC and MI spatial maps for a po
tential site was proposed to visually assess the representativeness of the 
site. While these maps provide a visual and qualitative evaluation of 
representativeness, it may be desirable to come up with point values to 
assess the representativeness and compare across multiple potential 
sites. In this work, we propose use of distance weighted metrics for this 
purpose. To illustrate, consider CoD. For a given potential sampling site, 
the distance weighted metrics (Xd* ) can be computed as: 

Xd� ¼
X

i;j2NðSÞ

Xi;j

d2
i;j  

where. 

di;j is the distance of the cell (i,j) from the site, 

Fig. 10. PM2.5 Coefficient of Divergence plot for Bhauri (Bhopal) site.  

Fig. 11. PM2.5 Pearson correlation coefficient plot for Bhauri (Bhopal) site.  

Fig. 12. PM2.5 Mutual Information plot for Bhauri (Bhopal) site.  
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NðSÞ is the neighbourhood of site S consisting of all the cell (i; j) 
whose distance di;j � d*, 
d* ¼ 100, 200 and 300 km is used in the current work. 

Such distance weighted metrics were computed for CoD, PCC and MI 
for all the eleven sites in the COALESCE project for 100 km, 200 km and 
300 km distances (also see supplemental text S5). The resulting values 
are presented in Supplemental Table S14. 

To facilitate comparison across various sites, the MI, PCC and CoD 
values were scaled as follows:  

CoD PCC MI 

CoDSi � min
j

�
CoDSj

�

CoDSi  

PCCSi

max
j

�
PCCSj

�
MISi

max
j

�
MISj

�

The scaled values for different sites of the COALESCE project are 
presented in Table 2. It can be seen that almost all the sites have high MI 
and PCC values along with low CoD values (Table 2), thereby indicating 
that these sites are regionally representative when compared to the 
representativeness of the best site in the network. 

However, for Srinagar and Jorhat sites, it is seen that MI (both sites) 
and PCC (Srinagar) are on the lower side while CoD is on the higher side 
of the threshold values (Table 2). This observation indicates relative lack 
of representativeness of these sites which may be because of their 
topography as discussed in Sections 3.1.2 and 3.2, respectively. How
ever, these sites were chosen taking into account the feasibility and lo
gistics of operating a sampling site in these areas. 

4.3. Adequacy of the overall monitoring network 

In any monitoring network, it is essential to strike a balance between 
the number of sites and the spatial coverage of the network. Network 
with a higher number of sites ensures a broader spatial coverage but 
adds to the cost of the installation and operation without really gener
ating additional meaningful information due to high redundancy. In 
contrast, network with sparse sites may be low on operational cost but 
may not be able to detect critical regional contributing sources. In the 
current work, while we focussed on testing adequacy of an individual 
site, it may be desirable to be able to comment on the adequacy of the 
overall monitoring network. Towards this end, we propose comparison 
of the selected sites in a pair-wise manner using the metrics CoD, PCC 
and MI, which were used to establish regional representativeness of an 
individual site. A pair-wise comparison across sites helps highlight the 
similarities and differences between different sites. In particular, if the 

CoD values are very high (close to 1), and PCC and MI values are very 
low, the sites are very dissimilar and the number of sites in the network 
may not be adequate. On the other hand, low CoD and high PCC and MI 
values for site pairs may indicate redundancy in the network. 

Fig. 13 shows a pair-wise comparison of the eleven sites using CoD, 
PCC and MI metrics for the COALESCE project. All site-pairs have CoD 
values greater than 0.2 (Fig. 13a) indicating that the values at these sites 
are not similar. Similarly, PCC plot (Fig. 13b) shows that most of the 
values lie in [-0.5, 0.5] band indicating the absence of a strong linear 
relationship in the values across the sites. The weak linear relationship 
that exists may be attributed to the seasonal variations in the PM2.5 
values across the region. The MI plot (Fig. 13 c) shows low values for all 
site pairs except for Delhi Rd. (Rohtak) site and Sector 81 (Mohali) site 
which may be due to their proximity to each other (they are about 
240 km apart). However, based on the overall behaviour of CoD and PCC 
it is concluded that there is no redundant site in the network and hence 
all the sites were retained as part of the network. Additionally, Jorhat’s 
Pulibor site has high CoD values, low magnitude of PCC values and low 
MI values with other sites which indicates that the site is significantly 
different from other sites. They may be attributed to the significantly 
different topography of this region as compared to other sites. This 
analysis indicates that additional sites in this is region could be inves
tigated but this was not possible in the COALESCE project due to 
logistical constraints. 

5. Conclusions 

Identification of appropriate sites is an essential part of setting up an 
air quality monitoring network. While the approaches available in 
literature use short term sampling at different candidate sites, long term 
characteristics of the sites may vary based on the seasonal differences 
and the frequency of occurrence of episodic events. This study has 
demonstrated the usefulness of a weight-of-evidence approach in iden
tifying sites for the set-up of a regional PM2.5 network. With advancing 
technologies, satellite data is readily available for long time-durations at 
high spatial resolution compared to what can be obtained from ground- 
based PM2.5 measurements. Various metrics (both capturing linear and 
nonlinear relationships) have been proposed in this work to assess the 
site representativeness based on the satellite-derived measurements. Use 
of satellite-derived PM2.5 measurements enable saving precious 
manpower and financial resources for site identification. With air 
quality standards becoming more stringent across the world, the 
approach proposed in this work can be used to design and operationalize 
regional PM2.5 monitoring networks. This approach is especially valu
able in countries where background PM2.5 measurements may not be 

Table 2 
Site-wise distance weighted MI, CoD and PCC values for 100, 200 & 300 km (scaled). 
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available at reasonable temporal and spatial resolutions, to assist with 
sampling network design. 
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