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Abstract: Air pollution (AP) types and levels change with changes in land use 
land cover (LULC) types. However, there is no such attempt to develop any 
common methodology or model for optimum sampling which can be correlated 
between LULC types and changes with the AP level types and changes. A  
pre-planned, well-calculated geospatial method is needed to evaluate the 
ambient AP level, type and its variation over different LULC types. ‘GEOSS’ 
(geospatial estimation of optimum sample site) has been innovated to identify 
the optimum AP sampling sites so that it can represent the wide spatial 
coverage over varied LULC types. Classified satellite images and statistical 
tools are used to optimize sampling locations. Validation approach based on 
nearest neighbour analysis (NNA) has justified that GEOSS employed 
sampling points are systematically distributed and fulfilled all the basic 
assumptions of the present sampling procedure. 

Keywords: geospatial estimation of optimum sample site; GEOSS; geospatial 
modelling; optimum location; land use land cover; LULC: Kolkata 
Metropolitan Area; KMA; air pollution level and change; sampling techniques. 
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1 Introduction 

Land use land cover (LULC) types play a vital role in level and types of particulate 
matter (PM) in the air (Zou et al., 2016; Meyer and Turner, 1992; Lambin et al., 2003). 
Still there is no such methodology or model ever developed for optimum sampling, which 
can establish the relation between LULC types and changes with the air pollution (AP) 
level and changes (Figure 1). 

However, the enlightenment of AP has known through numerous researches 
(Mazurek, 2002; Adar et al., 2014; Samoli et al., 2016; Pascal et al., 2013; Kloog et al., 
2014; Vidale et al., 2017; Viehmann et al., 2015; Zhang et al., 2015; Monrad et al., 2017; 
Barman et al., 2010; Ghose et al., 2005; Abelsohn and Stieb, 2011). A pre-planned well-
calculated methodology is an ultimate need to evaluate the ambient AP level and its 
variation over different LULC categories. An attempt has made in this paper to set-up a 
sampling methodology. geospatial estimation of optimum sampling sites (GEOSS) has 
been innovated to sample the optimum AP sampling sites over the study area so that the 
collected AP level data represents the whole study area of varied LULC types (Figure 2). 

Many of the studies specially on particulate matters (PM pollution) were made 
considering AP data as supplied by the state agency(ies) (Ghose et al., 2015; Khan et al., 
2017; Anenberg et al., 2016; Khreis et al., 2017) and some studies primarily (field based) 
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estimated the AP level using various sampling techniques (Larkin and Hystad, 2017) and 
instruments (Table 1). 

Figure 1 Schematic model of LULC types, changes and AP (see online version for colours) 

 

Figure 2 Flow chart of the methodology to determine sample points (see online version  
for colours) 
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Table 1 Sample collection methods used for collection of PM pollution data from field 

Sl no. Sample collection method 

1 Dust using vacuum cleaner 

2 Dust from AC filters 

3 Dust using brush 

4 Vacuum cleaner + brush 

5 Air sample 

6 MiniVol PM2.5 samplers 

7 The sampler, made by Science Source, Walboro, ME, USA 

8 PM monitors manufactured by the Berkeley Air Monitoring Group 

9 Portable constant flow SKC pumps Model 224-PCAR8, SKC, Eighty-Four, PA, USA 

10 Harvard impactor 

11 Low-volume Leland legacy sampling pumps (SKC, USA) 

12 Modified commercial smoke detector; University of California-Berkeley Particle and 
Temperature Sensor [UCB-PATS] 

13 MiniVol™ TAS samplers from 

14 APM-550 fine particulate sampler 

15 Automated dual channel sampler (HYDRA Dual Sampler, FAI Instruments, Fonte 
Nuova, Rome, Italy) 

16 Harvard personal exposure monitor (PEM) 

17 Very quiet PM samplers 

18 The personal data RAM-1000AN (pDR-1000)(Thermo Fisher Scientific Inc., 
Waltham, MA) 

19 Personal air sampling pump (SKC AirChek 52) 

Almost all of these field based studies have selected the sample sites randomly (Kumar et 
al., 2008; Guo et al., 2017). On the other hand, the fixed AP measuring stations are highly 
skewed in distribution. They are located along the major road junctions and industrial 
units. These fixed stations do not estimate AP level over the various LULC types. As a 
result, they do not represent the exposure level of all the population residing around each 
LULC types. For example, in Kolkata and surroundings region, the Central Pollution 
Control Board (CPCB) and the West Bengal Pollution Control Board (WBPCB) have 
their fixed (few) stations to collect the ambient AP level data. There are only 39 mobile 
stations1 (Figure 3), operated by WBPCB and six fixed stations of CPCB2 in 2016, 
whereas the total area and population of the region is 4234 sq. km. and more than 20 
million (as per 2011 Census of India) respectively3. We can say that one station is 
measuring exposure for more than 526 thousand populations. Secondly, the stations 
operate only twice in an entire week which hide temporal exposure of population. Again, 
the distributions of the AP monitoring stations have clustered within the older urban areas 
and at the same time, most of them are located on the major road junctions. 
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Figure 3 Location of WBPCB and CPCB AP monitoring stations (see online version  
for colours) 

 

The GEOSS has tried to select the sampling points, which have scattered all over the 
study area and includes all types of LULC categories (Table 2). The existing AP 
monitoring stations measure PM10 (particulate matter ≤ 10 μm in diameter) or more 
(Gupta et al., 2007; Saygin et al., 2017; Tomaskova et al., 2016), but not the PM5 or 
PM2.5 (particulate matter < 5 μm or < 2.5 μm). 
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Table 2 Distribution of sampling points selected with GEOSS 

Distribution of points according to administrative area Distribution of points according to 
influence of LULC type 

Administrative 
units 

Administrative 
sub-units 

Selected sample 
points LULC type Selected sample 

points 
Areas inside the 
KMA boundary 

Municipal 
corporations 

12 Water body 7 

Municipalities 18 Urban built-up 
area 

16 

Census town 6 Rural homestead 
with trees 

23 

Villages 10 Agricultural land 17 
Areas outside the 
KMA boundary 

Census town 3 Current fallow 4 
Villages 51 Industrial growth 

centres 
7 

  Mixed LULC 26 
Total selected 
points 

100  Total selected 
points 

100 

As per the latest WHO guidelines, PM2.5 directly affects human health both in  
long-term as well as short-term exposure. We know that Kolkata is one of the oldest city 
of India and its LULC types are fast changing through the process of urbanisation, urban 
expansion, industrialisation, (Nath and Acharjee, 2013; Ramachandra et al., 2014) etc. 
The decadal growth rate of urbanisation of Kolkata Metropolitan Area (KMA) during the 
period 2001–2011 is 6.87%. However, there is no such attempt to change, update, or  
re-orient the ambient AP monitoring system to estimate the changing AP level. 
Moreover, the present AP monitoring stations do not reflect any data over different 
LULC types. We strongly feel that the existing methods are not suitable for accurate 
estimation of the ambient AP level for Kolkata and other developing cities. The main 
objective of this present study is to optimised the sample sites so that it can capture 
1 maximum variance in the LULC types 
2 maximum spatial distribution of the sampling points to avoid clustering 
3 identification of the optimum sampling sites, so that they represent the whole study 

area of varied LULC types. 

2 Study area 

KMA is spread over 1,800 sq. km.4 (Shaw and Satish, 2007) and comprises of 

1 the conurbation area, stretching in a linear manner along the east-west bank of the 
Hooghly River 

2 the rural areas surrounded by the conurbation area. 

KMA consists of three municipal corporations (including Kolkata Municipal 
Corporation), 39 local municipalities, and 107 non-municipal areas; and 442 village local 
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bodies (KMA, 2011)5. The suburban areas of KMA include parts of districts of North 24 
Parganas, South 24 Parganas, Howrah, Hooghly and Nadia. Latitudinal extent of the 
study are is from 22° 17’ 23.32”N to 22° 59’ 0.55”N and longitudinally from 88° 4’ 
11.59”E to 88° 36’ 58.28”E (Figure 4) serving an estimated total population of about  
20 million. 

Figure 4 Study area: KMA and surrounding rural area (see online version for colours) 
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3 Background and feature of GEOSS 

The present study area, KMA is one of the oldest city in India. LULC types of KMA and 
surrounding rural areas are changing through the process of urbanisation, urban 
expansion, urban renewal, urban sprawl, industrialisation or de-industrialisation  
(Figure 5, Figure 6, Table 3) (Nath and Acharjee, 2013; Ramachandra et al., 2014; Sen, 
2011; Bhatta, 2009) etc. 

Figure 5 Google Earth images of Singur industrial site (a) before industrial growth in the year 
2004 (b) growth of Tata Industry in the year 2011 (c) after deindustrialisation in the 
year 2017 (see online version for colours) 

 
(a) (b) (c) 

Figure 6 LULC change map of KMA and surrounding during 1990 to 2015 (a) LULC map of the 
year 1990 (b) LULC category map of the year 2015 (see online version for colours) 
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Table 3 LULC change in study area (KMA and surrounding area) during 1990–2015 

LULC 
category 

Area in 
sq. km. 
(1990) 

% of LULC 
category 
(1990) 

Area in  
sq. km. 
(2015) 

% of LULC 
category 
(2015) 

% of LULC 
change 

(1990−2015) 
Water body 232.63 5.49 219.06 5.17 −5.83 
Trees with 
homestead 

1298.56 30.67 1058.93 25.01 −18.45 

Built-up area 615.89 14.55 1415.09 33.42 129.76 
Agricultural 
land 

1304.43 30.81 949.08 22.42 −27.24 

Current fallow 782.50 18.48 591.84 13.98 −24.37 
Total 4234.00 100.00 4234.00 100.00  

These processes are also altering sources of AP emission. However, there is no such 
attempt to change the ambient AP monitoring system to identify the changing sources of 
AP emission. Kolkata has few fixed and mobile AP monitoring stations mostly for 
measuring PM10 (particulate matter ≤ 10 μm in diameter). The stations have clustered 
within the older urban areas at major road junctions and industrial points. However, these 
are insufficient with respect to total (growing) population and area of KMA. Moreover, 
the existing stations do not reflect any AP level data from different LULC types. A few 
studies have collected AP samples from the field, but they have used random sampling 
(Guo et al., 2017: Gupta et al., 2007) method to collect primary data, which always do 
not reflect all the LULC types, and most often, they are clustered in distribution. 

GEOSS has developed to model the optimum sample sites with the help of geospatial 
techniques. In this model, geospatial tools have used to estimate LULC types of an area 
and estimate the optimum sample sites through several geospatial and statistical tools 
giving emphasis on identification of optimum sample sites over different LULC types to 
record the role of LULC on AP level and types. The key features of GEOSS are: 

a use of geospatial tools for mapping LULC types 

b each LULC types and different combinations of LULC types are given equal 
importance when sampling sites are selected 

c a wide spatial coverage to locate the sampling sites 

d maintenance of minimum distance between sampling sites to avoid any clustering. 

4 Methodology 

4.1. Image classification for LULC mapping 

The specific area of study (KMA and surrounding area) has selected according to the 
research interest and prepared an area of interest in the geospatial software Erdas Imagine 
v2014. The multispectral ortho-rectified image band 2, 3 and 4 (IRS LISS III, 
Resourcesat-2) of 23.5 metre spatial resolution (Figure 7) have collected from National 
Remote Sensing Centre, open archive ‘Bhuban’. The spectral bands used for image 
processing, has acquired on 14th December 2015 with 23.50 metre spatial resolution. 
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Then the integrated image classification method has used to prepare the LULC map of 
study area (KMA and surrounding area) from satellite image using Erdas Imagine v2014. 

Figure 7 Multispectral image of KMA and surroundings (FCC of IRS LISS III image)  
(see online version for colours) 
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Figure 8 LULC category map with the grid framework of 1 sq. km. (see online version  
for colours) 

 

Integrated image classification method, combined with both unsupervised (ISODATA) 
and supervised (Gaussian maximum likelihood) image classification algorithms have 
used in Erdas Imagine software v2014, to prepare the LULC map of the study area to 
obtain the better accuracy. Besides, Raster Recode operation has performed to exchange 
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some inaccurate and confused raster signature of the classified LULC category image by 
assigning actual LULC category signature obtained from ground truth verification and 
from Google Earth image. This function also used to combine the similar classes by 
recoding more than one existing class value to the same new class value. After 
performing the integrated processes of image classification, the final LULC of KMA and 
surrounding area has prepared. The region has identified five major LULC types, which 
are: 

a water body 

b built-up area 

c trees with homestead 

d agricultural land 

e current fallow (Figure 8). 

4.2 Creating point location to identify AP sampling sites 

To satisfy the criterion of the well-distributed AP sampling sites over the classified 
LULC map, a systematic method has employed in geospatial environment to generate 
sampling sites over the map. There are 4234 points with 1 km distance from each other, 
covering the whole study area. As per our objective, we shall select those points that are 
significantly fulfilled the sampling objectives and the number of sites (e.g., 100 points) 
should be measurable. To fulfil the earlier purpose the following steps have adopted. 

4.2.1. Creating grid network to extract LULC data 
One sq. km. grid framework has generated and superimposed over the LULC map of the 
study area covering 4234 sq. km. (Figure 7). After that, grid-wise LULC type(s) has been 
extracted and transferred to a MS Excel sheet with x, y (longitude, latitude) coordinates of 
the grid centres and observed that each 1 sq. km. grid may comprise (Table 4a): 

• single LULC category 

• any two LULC categories 

• any three LULC categories 

• any four LULC categories 

• any five LULC categories. 

The number of combinations for each set of LULC data has calculated to identify the 
number of grids/points for each combination. For example, there are five LULC 
categories in total and if the combination has made for any four categories of LULC, then 
the expected combinations of any four LULC categories are 

,  ,  ,   and A B C D A C D E B C D E A B D E A B C E+ + + + + + + + + + + + + + +  

In this way, ten different combinations have identified for any two and three LULC types 
and five different combinations for any one and four LULC categories and one 
combination for all the LULC categories. There were 2, 3 and 36 grids containing single 
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LULC types, any two LULC combinations and any three combinations respectively. 
There are 752 grids contained any 4 LULC combinations and 3441 for all five LULC 
categories (Table 4a). 
Table 4a LULC combination 

Combinations of 
LULC categories 

No. of 
combination

s 
Combinations No. of 

grids 

Any 1 5 A or B or C or D or E 2 
Any 2 10 A+B, A+C, A+D, A+E, B+C, B+D, B+E, C+D, 

C+E and D+E 
3 

Any 3 10 A+B+C, A+B+D, A+B+E, A+C+D, A+C+E, 
A+D+E, B+C+D, B+C+E, B+D+E and C+D+E 

36 

Any 4 5 A+B+C+D , A+C+D+E , B+C+D+E , 
A+B+D+E and A+B+C+E 

752 

5 1 A+B+C+D+E 3441 
Total 4234   

Note: In LULC combination, A = water body, B = built-up, C = trees with homestead,  
D = agricultural land and E = current fallow. 

4.2.2 Attribute query 
As the dataset is very large with number of variables and manually it is difficult to 
identify the particular combination. Attribute query expression in GIS environment is 
used to select features that match the selection criteria (Chang et al., 2007). By using 
attribute query, those particular grids have been identified which contains specific LULC 
combination. The same selection operation may also be done with python expression. We 
use attribute quarry in ArcGIS platform because this expression is well known to the 
users and easy to use. 

4.2.3. Proximity analysis/buffer analysis 
Buffer has created around each of the identified point, which involved creation of a 
‘circular’ polygon around each point of radius equal to the buffer width (which is a 
specified distance) by selecting planar buffer method in GIS environment (Figure 9). 

The specific distance has calculated between the points in respect of whole study area 
using the following equation 

Expected mean distance: 

0.5
ED

n A
=  (1) 

where, 

n total number of observation points 

A total number of study area. 
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Figure 9 Creating 1 km buffer to identify clusters (see online version for colours) 
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Figure 10 Selected sampling points of the study area (see online version for colours) 
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Table 4b Number of selected grids out of 4234 grids 

Combinations of LULC categories No. of combinations No. of selected grids 
Any 1 5 116 
Any 2 10 296 
Any 3 10 30 
Any 4 5 3 
5 1 2 
Total 447  

This process has resulted some buffers those have intersected with each other forming 
clusters. Efforts have been put to extract those points which are free from cluster or 
which buffers are not intersected each other through location based spatial quarry in GIS 
environment for separate LULC combination. This has resulted 447 sites with all five 
different LULC combinations (Table 4b). 

After elimination of the clusters from separate LULC combination, the five separate 
files have merged in a single file. Since 100 sampling sites have to select, again the buffer 
has generated with 1 km radius so that the minimum distance between the points remain 
2 km or more by spatial quarry building. Finally, after elimination of the intersected 
points, expected number of sampling sites has selected which fulfils the sampling 
objectives (Figure 10). 

Alternatively, 100 points may be selected from 447 points with minimum distance of 
2 km by random point selection in Arc-Tool box (ArcGIS v10.3) representing all the 
LULC combinations. A set of 100 sampling sites (Table 4c) were identified in and 
around KMA using the GEOSS, the optimum sampling design considering the LULC 
types and changes to assess PM pollution level, major source region and concentration 
level and health effects. 

5 Results 

The present study area has 4234 points with a distance of 1 km. and among them 100 
optimum points have identified for AP sampling. The GEOSS has proved useful to 
identify those 100 optimum locations. The sites represent maximum variations in the 
LULC; maximum spatial extension without clustering and represented the whole study 
area which if highly fulfilled the primary assumptions of the sampling objectives. The 
selected 100 sites contained single LULC type in one site; any two LULC type in one 
sites; any three LULC types at 12 sites; any four and five LULC types in 67 and 19 sites 
respectively (Table 4c). Sites are located covering most types of administrative units over 
urban areas (e.g. municipalities, towns, and cities), rural local bodies, semi urban, urban 
periphery etc. as well as industrial areas, and congested road junctions. 
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Table 4c 100 selected sampling points 

Combinations of LULC categories No. of combinations Selected sample points 
Any 1 5 1 
Any 2 10 1 
Any 3 10 12 
Any 4 5 67 
5 1 19 
Total points 100  

6 Discussions 

Broadly, the LULC types of the study area have re-grouped into urban and rural LULC 
types and it has observed that 39 sites have selected from the urban and 61 from the rural 
LULC types. Among 100 selected points, seven sites are located in and around water 
body and 23 sites belong to urban built-up (seven sites of which are located near the 
industrial growth centres). 23 sites represent rural homestead with trees; 17 sites are from 
agricultural LULC types; 4 sites represent current fallow and 37 sites have no distinct 
LULC types but have a mixed one (Table 2). 

In the context of administrative boundaries, there are 46 sites located under KMA 
boundary from which 12 sites are under municipal corporations, 18 and 6 points located 
under municipalities and census town respectively. Ten sites are located in rural areas of 
KMA. Whereas, 54 sites are selected from outside the KMA boundary, only three of 
which belong to town area (Table 2). The selected points have scattered over the whole 
study area and any clustering of points has not formed which is clearly enumerated by 
(Pinder and Witherick, 1972). The randomness index is, 

1.428
.5

n
DR

a
n

= =  (2) 

where, 

D  mean observed nearest neighbour distance (4.47 km.) 

a total study area (4234 sq. km.) 

n total number of observation points (100 points). 

The minimum and the maximum horizontal distance between the points have measured  
2 km and 9.7 km respectively, and the observed mean distance between the points has 
measured 4.47 km. Therefore, it can be said that the final selection of points have 
fulfilled the sampling objectives. The randomness index (Rn = 1.428) indicates dispersed 
pattern (Figure 11) of the distribution of sampling points and z-score of 8.179, which is 
less than 1% likelihood and signifies the dispersed pattern could be result of random 
chance. 
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Figure 11 Nearest neighbour result of final sampling points by using GEOSS (see online version 
for colours) 

 
In comparison with the GEOSS method, 87% of the existing AP monitoring sites  
(Table 5) of CPCB and WBPCB have clustered in the older urban areas and do not 
represent different LULC types. The randomness index also indicate the clustered  
(Rn = 0.739) distribution pattern (Figure 12) of the existing monitoring stations of CPCB 
and WBPCB. The 45 AP monitoring sites of CPCB and WBPCB collect AP samples but 
only six of them have fixed to collect hourly data. The other 39 sites collect AP level data 
with mobile equipment. Out of 45 stations, 41 are located on the main road junctions of 
urban areas. Only four stations are located near industrial growth points (but they are also 
situated in the urban areas); and only two points are located in the rural homestead (near 
urban periphery). Distribution of these sites does not reflect different LULC types. 

GEOSS, the new and innovative sampling site selection method is more effective for 
sampling point selection and well distributed having dispersed condition in consideration 
with varied LULC categories related while existing AP measuring points are clustered 
and do not reflects all the LULC categories. Therefore, we can conclude that the 
distribution of points selecting by GEOSS technique is better than the distribution of 
existing sampling points. 

In comparison with previous studies in this regard, most of the studies used random 
sampling method to collect the samples. However, there is lack of studies to correlate the 
LULC categories and changes with the change of aerosols as air pollutant and AP levels. 
Most often, the stations have clustered in some major road junctions on urban areas and 
industrial centres. The main objective of GEOSS, how far the variations and alterations 
of LULC responsible for the level and changes of AP do not prioritised in the previous 
studies. This is highly maintained in GEOSS sampling method. 
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Table 5 Comparison of the distribution of the points selected by using GEOSS and the 
existing AP monitoring stations of CPCB and WBPCB according to influence of 
LULC type 

LULC type 
Selected sample points with 

GEOSS  Existing AP monitoring 
stations 

No. of points % distribution  No. of points % distribution 
Water body 7 7  0 0 
Urban built-up area 16 16  39 86.7 
Rural homestead with 
trees 

23 23  2 4.4 

Agricultural land 17 17  0 0 
Current fallow 4 4  0 0 
Industrial growth centres 7 7  4 8.9 
Mixed LULC 26 26  0 0 
Total points 100 100  45 100 

Figure 12 Nearest neighbour result of the exiting AP sampling points of CPCB and WBPCB  
(see online version for colours) 

 

7 Conclusions 

GEOSS, the innovative sampling technique has designed to identify the optimum 
sampling sites over the large study area so that the collected AP level data represent the 
whole study area of varied LULC types by using geospatial and statistical techniques. 
While all the prior methods have referred for random sampling, and did not consider 
LULC categories, but GEOSS has tried to overcome the major issues of random sampling 
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and gave an emphasis to collect air samples from all the LULC types from wide spatial 
coverage. A set of 100 sampling sites were identified in and around KMA and 
surrounding rural areas using the GEOSS, considering all major LULC types and changes 
to assess major source regions, pollution level and concentration level of particulate 
matter and their health effects. The sample sites were optimised such it covers the spatial 
coverage of the whole study area as well as scattered over different LULC categories. 

After the final selection of the sampling points, a high volume air sampler may be 
deploy for the rapid collection and analysis of a wide range of airborne aerosols within 
prerequisite condition of the sampling area and some predefined sampling protocol was 
maintained. The collected AP level sample data will correlate with the MODIS data for 
regional distribution of AP level. 

8 Acronyms and abbreviations 

AP Air pollution 

LULC Land use land cover 

GEOSS Geospatial estimation of optimum sample site 

PM Particulate matters 

CPCB Central Pollution Control Board 

WBPCB West Bengal Pollution Control Board 

KMA Kolkata Metropolitan Area 
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Notes 

1 WBPCB official website www.wbpcb.gov.in 

2 CPCB data has not considered for the pollution level calculation by the three 
WBPCB. The WBPCB says that “Air quality data of automatic stations are not 
validated data” 

4 Census of India, 2011 

5 Kolkata Metropolitan Development Authority website https://kmdaonline.org/ 
Census of India, 2011 


