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ABSTRACT:
Accurate information about the built-up area in a city or town is essential for urban planners for proper planning of urban
infrastructure facilities and other basic amenities. The normalized difference indices available in literature for built-up area extraction
are mostly based on moderate resolution images such as Landsat Thematic Mapper (TM) and enhanced TM (ETM+) and may not be
applicable for high resolution images such as Sentinel-2A. In the present study, an attempt has been made to extract the built-up area
from Sentinel-2A satellite data of Chennai, India using normalized difference index (NDI) with different band combinations. It was
found that the built-up area was clearly distinguishable when the index value ranges between -0.29 and -0.09 in blue and nearinfrared (NIR) band combination. Post extraction editing using Google satellite imagery was also attempted to improve the
extraction results. The results showed an overall accuracy of 90% and Kappa value of 0.785. Same approach when applied for
another area also yields good results with overall accuracy of 92% and Kappa value of 0.83. As the proposed approach is simple to
understand, yields accurate results and requires only open source data, the same can be used for extracting the built-up area using
Sentinel-2A and Google satellite imagery.

1. INTRODUCTION
Urbanization is a major concern in most of the metropolitan
cities in the world as the cities are expanding in an
unprecedented pace due to migration of people from rural to
urban areas for better job opportunities and living conditions. In
1950, only 30 per cent of the world‟s population lived in cities
but in 2050, it is projected that 66 per cent of the world‟s
population will live in cities (Spence et al., 2013). This twofold
rise may lead to many urban related problems. In Tamil Nadu
state of India, 50% of the total population was living in major
cities of the state, which is one of the highest in the country
(State Planning Commission, 2012). This shows that most of
the cities in the state are experiencing rapid urbanization in
recent decades. Urbanization is unavoidable in a developing
country like India. However if there is no proper control, it may
lead to loss in agricultural land and productivity, cutting down
of tress, crowded habitats, water distribution and sewage
treatment problems, air pollution, traffic congestion, etc.
Accurate information on urban built-up area is essential for
preparation of master plan and detailed development plans,
provision of basic amenities and urban infrastructure facilities,
identifying suitable location for solid waste disposal, planning
for smart cities, satellite towns, etc. In recent decades, the use of
satellite data has replaced the traditional field survey methods
for identification of the urban built-up land due to
advancements in remote sensing technology and geographic
information systems (GIS).
In general, the techniques for extraction of built-up area from
satellite imagery can be grouped into two types: (1) techniques
based on conventional multi-spectral image classification such
as supervised, unsupervised, object based or deep learning
classification (Ndehedehe et al., 2013; Zhang et al., 2014;

Rawat and Kumar, 2015; Hegazy and Kaloop, 2015; Forget et
al., 2017; Bramhe et al., 2018) (2) techniques based on
normalized difference indices such as normalized difference
built-up index (NDBI), principal component analysis (PCA)
based built-up area index (PCABI), enhanced built-up index
(EBI), urban index (UI), etc. (Zha et al., 2003; Xu, 2007; He et
al., 2010; Kumar et al., 2012; Varshney, 2013; Bhatti and
Tripathi, 2014; Shahi et al., 2015; Bouzekri et al., 2015;
Vecchi et al., 2015; Garg et al., 2016; Kapil and Pal, 2017;
Zhang et al., 2017; Hidayati et al., 2018; Valdiviezo et al.,
2018; Li et al., 2018).
According to Xu (2007), classification based methods generally
may not yield satisfactory accuracy, usually accuracy less than
80%, due to spectral confusion of the heterogeneous urban
built-up land class when compared to other land use classes.
Alternate to image classification, many researchers were trying
out normalized difference indices utilizing specific spectral
bands for automatic extraction of built-up land from satellite
imagery. Zha et al. (2003) proposed a spectral index called
normalized difference built-up index (NDBI) for automatic
extraction of urban built-up land utilizing short wave infrared
(SWIR) and near infrared (NIR) bands of TM imagery and
reported an overall accuracy of 92.6%. Xu (2007) used three
normalized difference indices, namely NDBI, modified
normalized difference water index (MNDWI), and soil adjusted
vegetation index (SAVI) to derive urban built-up areas using
TM and ETM+ imagery. The study resulted in an overall
accuracy ranging between 91.5 and 98.5%. It is to be noted here
that in most of the studies, only TM and ETM+ imagery of
moderate resolution were employed utilizing NIR and SWIR
bands. Even though the indices perform well as seen in the
above review, it may be difficult to apply NDBI based on SWIR
and NIR bands directly to a high resolution imagery such as
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Sentinel-2A. Because in Sentinel-2A, SWIR band has 20m.
resolution whereas Blue (B2), Green (B3), Red (B4) and NIR
(B8) has 10m. resolution. For urban related applications, the
bands which are at 10m. resolution is generally preferred as the
spatial resolution is high. However it is not known which band
combination among the four 10m. resolution bands in Sentinel2A will yield better results in extracting the built-up area. The
objective of the present study is to identify the suitable band
combination and the index range where the built-up area is
clearly distinguishable in Sentinel-2A data. Once the suitable
band combination and the index range are identified, the builtup area can then be easily extracted. The following section
describes the materials and the methods used and in section 3,
results were discussed followed by the concluding remarks in
section 4.
2. MATERIALS AND METHODS USED
2.1 Study Area
The study area selected for the present work is located in
Chennai, India. Chennai (formerly called as Madras) is the
capital of the Tamil Nadu state and one of the largest
metropolitan cities in the country. Figure 1 shows the areal
extent of Chennai Corporation and its location in Tamil Nadu
and India. The Chennai Corporation is headed by a Mayor and
it comprises 15 zones and 200 wards. Until 2011, Chennai
Corporation covered only an area of 176 sq.km. After that,
several municipalities, town panchayats and panchayat unions
adjacent to the city which were expanded along with the city
were merged with the corporation and hence its areal extent has
been increased from 176 sq.km to 430 sq.km. The
Sholinganallur zone located in Southern part of Chennai city
(zone number 15 in Figure 1) is taken as the study area to
evaluate the performance of the proposed approach for
extracting the built-up area using Sentinel-2A and Google
satellite imagery. The areal extent of Sholinganallur zone is
41.525 sq.km and it contains many Information Technology
(IT) companies and residential areas. The reason for selecting
this particular zone in Chennai corporation is that it has a mix
of different land covers like built-up area, open land, marsh
land, water bodies, etc.

However, selecting an image without any cloud cover was
difficult as percentage of cloud cover was high in most of the
images. The satellite image taken on August 24, 2016 had a
cloud cover of only 0.41% and hence the same was considered
in the present study. After downloading Sentinel-2A data,
clipping of the image within the study area was carried out as
the downloaded image is of 100 km × 100 km size. The
processing level of the downloaded image was Level-1C which
includes radiometric and geometric correction, ortho
rectification and spatial registration on a global reference
system, namely, the WGS84 datum and Universal Transverse
Mercator (UTM) Projection. There are 13 spectral bands in
Sentinel-2A which extends from visible and near-infrared
(VNIR) portion to Short-wave infrared (SWIR) portion. Out of
13 bands, four bands have 10m spatial resolution, six bands are
at 20m resolution and the remaining three bands at 60m
resolution. An image with high spatial resolution is generally
preferred for urban related applications. Hence in the present
study, only four bands which are at 10m. spatial resolution were
considered. They are blue (Band 2 at 490 nm), green (Band 3 at
560 nm), red (Band 4 at 665 nm) and near-infrared (NIR) (Band
8 at 842 nm). The methodology to extract the built-up area
using these four bands is explained in the following section.
2.3 Methodology
The flowchart showing the proposed methodology is presented
in Figure 2.
Sentinel-2A satellite
data (B2, B3, B4 and
B8)
Calculate the normalized
difference index with
different band
combinations
B2 &
B3,
B2 &
B4,

B3 &
B2,
B3 &
B4,

B4 &
B2,
B4 &
B3,

B8 &
B2,
B8 &
B3,

Identify the suitable band
combination and index
range where built-up area
is clearly distinguishable

Figure 1. Map showing the location of Tamil Nadu state in
India (left), location of Chennai Corporation in Tamil Nadu
(middle) and Chennai Corporation (right).
2.2 Details of Satellite Data used
The Sentinel-2A satellite data acquired on August 24, 2016 was
used in the present study for extraction of built-up area. The
Sentinel-2A data were acquired, processed, and generated by
the European Space Agency and repackaged by U.S. Geological
Survey (USGS) into 100 km × 100 km tiles. Hence the satellite
data was downloaded from USGS Earth Explorer (Sentinel-2A,
2018). As the revisit frequency is 5 days, large number of
images acquired at different dates was available for download.

Apply the suitable band
combination and index
range to extract the builtup area
Improve the results using
Google satellite imagery
on the background

Perform accuracy
assessment

Select random
samples from the
study area to form
ground truth
image

Figure 2. Flowchart showing the proposed methodology
The four bands of high resolution Sentinel-2A covering the
study area is the input satellite data used in the present study.
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The extraction of built-up area is based on the concept of
normalized difference index which was originally proposed by
Rouse et al. (1973) for the identification of vegetated areas by
taking the ratio of the difference of the red and infrared
radiances over their sum. It is well known that healthy
vegetation absorbs most of the visible light and reflects a large
portion of the NIR light and this is the reason why Rouse et al.
(1973) considered these two bands in calculation of NDVI.
However in case of a built-up area in a city, it is still
unexplored, on which spectral band out of four high resolution
bands of Sentienel-2A it absorbs more light and similarly the
band in which it reflects more light. Hence the first step in the
present work is to calculate the normalized difference index
(NDI) using Eq. (1) with different band combinations to
identify the suitable bands and the index range (minimum and
maximum index value), where the built-up area is clearly
distinguishable when compared to other land covers.
NDI 
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Assessment Points‟ tool in ArcGIS software. For each of the
random point generated, the type of land cover (“Built-up area”
or “Others”) was compared with that of the actual land cover
identified from Google satellite image to get the overall
accuracy and Kappa statistic. The results are discussed in the
following section.
3. RESULTS AND DISCUSSION
The analysis of different band combinations revealed that band2 (blue) and band-8 (NIR) are good in extracting the built-up
area when compared to other band combinations. It was found
that when the index value ranges between -0.29 and -0.09, the
built-up areas are clearly distinguishable when compared to
other land covers. The Sentinel-2A satellite image (true color
composite), extracted built-up area before post extraction
editing using Google satellite imagery and built-up area after
post extraction editing are shown in Figure 3 (a), (b), (c)
respectively. The results of accuracy assessment are shown in
Table 1.

x,
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calculator tool in ArcGIS 10.6 software was used for calculation
of the normalized difference index.
A total of 12 band combinations as shown in Figure 2 was tried
out to identify the suitable bands and the index range. This has
been done by visual interpretation, i.e., visually looking at each
of the 12 NDI outputs to identify in which band combination
the built-up area is clearly distinguishable when compared to
other land cover classes. Once the suitable band combination
and index range is identified, the next step is to extract the builtup area. Even though the term “built-up area” includes all
manmade structures like buildings, roads and impervious
surfaces, however, in the present study our focus is on
extracting only buildings. As buildings and roads (bitumen or
concrete) exhibit different reflectance pattern, it may not be
possible to capture both with a single NDI.
The very high resolution Google satellite imagery was used in
the present study to improve the results of built-up area
extraction. As like Sentinel-2A, Google satellite imagery is also
open source which is one of its major advantages. Other
advantage of Google imagery is we can see individual buildings
as the spatial resolution is very high in the order of less than or
equal to 1m. The only disadvantage of Google imagery is we
cannot perform any classification or automatic extraction as it
does not contain the original reflectance values or digital
numbers (DN). However using the “Add Basemap” tool of
ArcGIS 10.6 software, it is possible to open the Google satellite
imagery on the background provided the system is connected to
internet. In the present study, Google imagery was opened on
the background of the extraction output which contains the two
land use classes, namely, “Built-up area” and “Others” for the
study area chosen. Now by manually comparing the extraction
output with the background Google imagery, it is possible to
check whether the extraction results are correct or not. For
example, if any polygon is assigned “built-up area” during
extraction and if it is found from Google image that it is not
built-up area, then we can change the class to “Others”. Once
the post extraction editing using Google satellite imagery is
done, the last step of accuracy assessment was carried out using
100 sample points generated randomly using „Create Accuracy

Figure 3 (a). True color composite of Sentinel-2A, (b) Before
Post extraction editing using Google image, (c) After Post
extraction editing using Google image
Table 1. Results of accuracy assessment
(a) Confusion matrix before post extraction editing using
Google satellite imagery
Class
Built-up
Area
Others
Total
Producer‟s
accuracy

Built-up
Area

Others

Total

User‟s Accuracy

26

20

46

56.52%

2

52

54

96.29%

28

72

92.85%

72.22%

100
Overall accuracy = 78%
Kappa coefficient = 0.54

(b) Confusion matrix after post extraction editing using Google
satellite imagery
Class
Built-up
Area
Others
Total
Producer‟s
accuracy

Built-up
Area

Others

Total

User‟s Accuracy

31

10

41

75.6%

0

59

59

100%

31

69

100%

85.5%

100
Overall accuracy = 90%
Kappa coefficient = 0.785

The overall accuracy before and after Google image correction
was found to be 78% and 90% respectively. The reason for less
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overall accuracy initially is that in south western part of the
study area, there are some open lands which also had index
values in the range of -0.29 to -0.09. Hence they have been
classified by mistake as built-up but they are not actually the
built-up lands. A zoomed view of that portion from Sentinel-2A
is shown in Figure 4. It can be seen from Figure 4 that the
building roofs and open land has same tone (brown colour) and
hence the NDI could not differentiate between open lands and
buildings. In such cases, the Google image can be used on the
background to check whether the NDI output is correct or not
because one can see very clearly the buildings in Google
satellite image. Polygons which are wrongly assigned as “Builtup” by NDI were corrected using Google satellite image and
after this post extraction editing, the accuracy has been
improved from 78% to 90%. According to Congalton and
Green (2009), an overall accuracy of 85% is the cut-off between
acceptable and unacceptable results. In the present study, as the
obtained accuracy is more than 85%, the results of built-up area
extraction can be considered acceptable.

Figure 4. Similar tone for built-up area and open land in south
western part of the study area
In order to check whether the proposed approach of using blue
and NIR bands for built-up area extraction and further
improving the extraction results using Google image, Sentinel2A image of Adyar zone (zone 13) was taken into account and
analyzed. The built-up area was extracted using blue and NIR
bands and pixels in the range of -0.29 to -0.09 was classified as
“Built-up area” and pixels outside this range were declared as
“Others”. The same band combination and index range as used
before for zone 15 was applied here also for zone 13. The
results are shown in Figure 5 and Table 2. The overall accuracy
was found to be 92% with Kappa value of 0.83. The high
accuracy and Kappa statistic shows the suitability of the
proposed approach for extraction of built-up area using
Sentinel-2A optical image.

Table 2. Results of accuracy assessment for Zone 13
Class
Built-up
Area
Others
Total
Producer‟s
accuracy

Built-up
Area

Others

Total

User‟s Accuracy

39

6

45

86.66%

2

53

55

96.36%

41

59

95.12%

89.83%

100
Overall accuracy = 92%
Kappa coefficient = 0.83

4. CONCLUDING REMARKS
Information about the built-up area and its extent is essential for
city planners to understand the urban growth pattern, direction
of growth, urban sprawl type, etc. In recent years, researchers
are paying more attention in using normalized difference indices
for extraction of built-up land as it yields more accurate results
when compared to traditional image classification methods. The
normalized difference indices available in literature for built-up
area extraction are mostly based on moderate resolution images
such as TM and ETM+. Studies on use of open source high
resolution imagery such as Sentinel-2A are very limited. Hence
the present study focused on extracting built-up area from
Sentinel-2A satellite imagery. When blue and NIR bands are
used, the built-up areas are clearly distinguishable, especially
when the index value ranges between -0.29 and -0.09. As the
building roofs and open ground exhibits a similar tone, open
ground are sometimes misclassified as built-up land. To correct
this, Google satellite imagery are used on the background after
the extraction process. The results are promising and the
proposed approach can be used for extracting the built-up area
from Sentinel-2A satellite data. The advantages of the proposed
approach are simple, accurate, easy to understand and requires
only open source data as input. The future scope of the work is
to find suitable band combinations and index range for
extracting other land covers such as vegetation, water bodies,
wet land, etc. from Sentinel-2A image.
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