EEET ECOLOGICAL ENGINEERING
——— & ENVIRONMENTAL TECHNOLOGY

Ecological Engineering & Environmental Technology 2024, 25(10), 167—-180
https://doi.org/10.12912/27197050/191455
ISSN 2299-8993, License CC-BY 4.0

Received: 2024.07.21
Accepted: 2024.08.15
Published: 2024.09.01

A Novel Bare Soil Index for Enhancing the Mapping of Bare Soil
Area - An Indicator of Urban Expansion

Smitha Prema Somanathan', Maya Kesavan', Sudheer Kulamulla Parambath?,
Bindhu Vijayalekshmi Muraleedharan?, Sreelash Krishnan', Padmalal Damodharan'

' National Centre for Earth Science Studies, Akkulam, Thiruvananthapuram, India
2 Indian Institute of Technology Madras, Chennai, India

3 M/S Vassar Labs Pvt Ltd, Hyderabad, India

* Corresponding author’s e-mail: pssmithaaa@gmail.com

ABSTRACT

Bare soil mapping is inevitable for the monitoring of soil resources, as it acts as a major indicator of urban devel-
opment. Although remote sensing based indices are largely used for the delineation of bare soil, their effectiveness
has always been a challenge due to overlapping spectral characteristics of the bare soil and built up areas. Recently,
built up indices have been employed to increase the accuracy of bare soil mapping, which can induce discrepancies
due to lesser sensitivity in smaller patches of bare soil areas in high density urban regions. In this context, modified
normalized difference bare soil index (MNDBSI) is developed using a logical combination of index with addition-
al constraint for the precise delineation of bare soil area using Sentinel 2 images. The qualitative and quantitative
analyses adopted to evaluate the performance of the MNDBSI revealed an overall agreement value of above 95%
and the improvement percentage of MNDBSI over the other indices compared in terms of spectral discrimination
index and transformed divergence varied from 8% to 166% and 15% to 97%, respectively, across all study areas.
The comparative analyses of results indicate that MNDBSI is an effective alternative to the existing indices for

precise bare soil mapping which can be used as a promising indicator of urban expansion.

Keywords: bare soil index, built up areas, urban, bare land, soil mapping.

INTRODUCTION

The increased rate of urbanization has brought
about unprecedented changes in the Earth’s sur-
face dynamics over the past few decades with
drastic reduction in the area of bare soil around
the world which may affect the sustainability of
the regional ecosystem. The alarming rate of con-
version from bare soil to artificial surfaces (He
et al.,, 2020) can have long term impact on the
natural environment with increased pressure on
protected areas, along with increased urban flood-
ing events (Wu et al., 2013; Du et al., 2015; Kim
et al., 2016). The large scale mapping of bare soil
areas with remote sensing techniques received
greater popularity due to their simplicity, preci-
sion and cost effectiveness (Goudge et al., 2017;

Bouhennache et al., 2019; Gong et al., 2019) as
well as proved to be a better alternative to tra-
ditional approaches of ground surveys and aerial
photography which are costly, manpower inten-
sive and time consuming.

Some indices employed combinations of red,
NIR and thermal infrared bands (TIR) for the
delineation of bare soil based on the ideology of
higher temperature for urban areas (Koroleva et
al.,, 2017; Li et al., 2017). The combination of
NDVI with bare soil index (BSI) has been at-
tempted by many researchers for more effective
delineation of bare soil from vegetative cover in
agricultural areas (Roy et al., 1996; Rikimaru et
al., 2002; Wentzel, 2002; He et al., 2010; Statha-
kis et al., 2012). Ratio normalized difference soil
index (RNDSI) has been proposed to delineate
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bare soil by combining normalized difference
of green and SWIR bands with the tasseled cap
transformation (Deng et al., 2015). Although the
performance of the normalized difference bare-
ness index (NDBal) and normalized difference
bare land index (NBLI) is highly enhanced by
the incorporation of thermal infrared band for the
identification of bare soil (Zhao and Chen, 2005;
Li et al., 2017), the lower spatial resolution (100
m in Landsat 8) has been its major disadvantage.
Moreover, the nonavailability of thermal bands
for some of the widely used satellite sensors
limited their applicability. Though the modified
normalized difference soil index (MNDSI) could
overcome the resolution issues of using TIR band
(Piyoosh et al., 2018), it has been effective only
in hot and dry climate. The dry bare soil index
(DBSI), which is an inverse of modified normal-
ized difference water index (MNDWI) reduced
by NDVI (Rasul et al., 2018), is effective in sepa-
rating bare soil from vegetative areas; however,
masking of built up areas was not effective. The
modified bare soil index (MBI) (Nguyen et al.,
2021) is effective in the separation of bare soil
area from urban area during agricultural fallow
period in tropical climatic region. The normalized
difference bare soil index (NDBSI) has been ef-
fective in the delineation of bare land/soil from
red brick which are mostly found in industrial-
ized urban areas (Liu et al., 2022). Hyperspectral
Bare Soil Index (HBSI) (Salas and Kumaran,
2023) achieved improved performance in bare
soil classification compared to machine learning
algorithms for classification.

Although the major challenge in the accurate
classification of bare soil is due to the spectral
similarity between bare soil and built up areas,
which is further enhanced by the large variability
and heterogeneity in the spectral characteristics
of built up features (Gamba et al., 2003; Wang
and Li, 2019). Recently, built-up indices have
been largely relied upon for the mapping of bare
soil which may lead to discrepancies in the iden-
tification of bare soil due to higher sensitivity of
built up indices to urban features, rather than bare
soil. Moreover, in a high density urban region, the
saturation effect may bring in uncertainties relat-
ed to bare soil mapping, as the built-up index may
not be sensitive enough to identify small bare soil
patches, especially when coarse resolution satel-
lite imageries are used. In addition, the monitor-
ing of bare soil surfaces is further limited due
to spectral degradation, high density vegetative
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areas, moisture content, surface roughness and
deposition of undefined/foreign material (Ustin et
al., 2004). As the bare soil indices rely completely
upon spectral information, rather than contextual
knowledge, the integration of additional informa-
tion can enhance the accuracy of bare soil map-
ping, instead of employing built up indices for in-
creasing mapping accuracy of bare soil areas. In
this work, a new methodology which employs a
logical combination of bare soil index with an ad-
ditional constraint to eliminate built up area was
proposed. This combined formulation which is
termed as MNDBSI employs blue, red, NIR and
SWIR1 bands of Sentinel-2 data to effectively
separate bare land/soil from other types of land
cover without the need for employing thermal
band. The performance of MNDBSI in different
environmental backgrounds and climate condi-
tions is compared with widely used bare soil indi-
ces, such as BSI, DBSI and NDBSI. In addition,
qualitative and quantitative evaluation of the in-
dices are conducted to verify the level of perfor-
mance of the new index.

STUDY AREA AND MATERIALS

To evaluate the performance of the proposed
MNDBSI, one test and three validation sites with
diverse environmental background and climate
condition are selected. The location of all the four
study areas is given in Figure 1. The Vembanad
ecosystem, located in the state of Kerala, India,
was selected as the test site. The latest cloud free
Sentinel 2 images from Copernicus hub (https://
WWW.copernicus.eu/en/access-data/conventional-
data-access-hubs) provided at L1C level which
are radiometrically and geometrically corrected,
are used as the data sources to ensure the maxi-
mum number of valid pixels. The dates of the
Sentinel 2 imageries used in the study are given
in Table 1. The false color composite (FCC) of
Sentinel 2 images is displayed in (RGB: bands
8-4-3) in order to easily interpret the commonly
used types of land covers. Built up areas are dis-
played in various shades of cyan color, while bare
land/soil is displayed as varying shades of pink/
brown color and vegetation as light green color.
The reference data for the quantitative evaluation
of bare soil areas are interpreted based on field
data collected and manually digitized bare soil
map using high resolution images obtained from
Google Earth Engine. The correctly identified
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Figure 1. Location details of the selected study areas along with their false color composite

Table 1. Description of the four study sites

Study area Climate type Imagery date Degreeagabuilt up Degreeaci];:are soil vegl]jeet}gtri?)?l :'ea
Vembanad lake Tropical monsoon 12-Feb-24 Medium Low High
Pichavaram mangrove | Tropical savannah 25-Jan-24 Low High Medium
Pichola lake Dry arid desert 16-Feb-24 High Medium Low
Girna dam Dry semi-arid 24-Jan-24 Low Medium High

bare soil areas are also compared with the results
obtained from the classified image using maxi-
mum likelihood method to ensure minimum error
in the reference data set.

METHODOLOGY

The methodology section covers the devel-
opmental procedure of the new bare soil index

(MNDBSI) and the assessment of the performance
in comparison with the commonly used bare soil in-
dices using quantitative and qualitative approaches.

Development of MNDBSI

The major built-up areas include buildings,
parking lots, paved and gravel roads. The trans-
formed land surfaces, such as stone, concrete,
bricks, sand and asphalts also are considered as

169



Ecological Engineering & Environmental Technology 2024, 25(10), 167-180

built up areas (Liu et al., 2022; Zhao and Zhu,
2022). However, spectral characteristics of soil
vary depending upon their composition, texture,
moisture content and region of occurrence.

The box and whisker plots showing the vari-
ability in the reflectance of various common land
covers in the study area are analyzed at first to ar-
rive at a suitable combination of spectral bands for
the formulation of index (Fig. 2). Figure 2 clearly
indicates the close similarity in the reflectance pat-
tern of built up areas in the visible to SWIR bands,
which increases the complexity in the delineation
of bare soil. As the reflectance pattern of built up
areas does not show large variability among the
short and long wavelength bands (Fig. 2), fur-
ther analysis of scatter plot between the red and
NIR (Fig. 3) is evaluated. From Figure 3, it can
be seen that built up areas have distinct scattered
distribution which lie exactly on the 1:1 trend line
compared to bare soil areas. In turn, the area oc-
cupied by water and vegetation is just below and
high above the 1:1 trend line, respectively, on red-
NIR scatter plot which makes the scatter distribu-
tion unique. However, the scatter distribution of
bare soil areas varies depending upon the type and
nature of soil. For dry soil, the reflectance value
of NIR band is higher than that of wet, dark and
bright soil type (Fig. 3). Moreover, the reflectance

of dark soil is much lower for NIR band compared
to other types of soils.

On the basis of the analysis of spectral re-
sponses (Fig. 2), soil has the highest reflectance
in SWIRI and lowest in blue band. In turn, built
up areas showed lower reflectance for SWIR1 and
higher reflectance for blue band. Moreover, the
increase in the spectral reflectance from NIR to
SWIRI for bare lands is more than built up areas
and this helps in the enhancement of bare soil fea-
tures, if SWIR1 is employed as longer wavelength
band in Equation 1. Hence, adopting normalized
differences of SWIR1 and blue bands will achieve
higher values for bare soil area compared to built-
up areas. However, large variation between blue
and SWIRI1 bands exhibited by vegetation and
water may bring uncertainties in the separation of
bare soil. In addition, the difference in the reflec-
tance value between red and NIR band for bare
soil area is large compared to that of built up area
(Fig. 2 and 3). Further, some built up areas have
higher reflectance in NIR rather than SWIR bands
(Zhao and Zhu, 2022), hence the incorporation of
NIR band as short wavelength band in the index
formulation may enhance the separation of bare
soils from built up areas. To further increase the
separability between soil and other land covers, an
additional factor consisting of difference between
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Figure 2. Box and whisker plot showing spectral characteristics of four types of land covers
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the sum of reflectance of red and NIR bands with
that of blue band is subtracted from the normal-
ized difference ratio of SWIR1 and blue bands
(Equation 1). Thereafter, optimal threshold value
(b,), 1s estimated using Otsu’s algorithm (Lee et
al., 1990; Liao et al., 2001; Sezgin et al., 2004)
and a constraint, ‘%4’ has been set (Equation 2) to
ensure the complete separation of bare soil from
built-up areas. The ‘4’ value of one represents bare
soil and spare vegetation, while zero value of ‘%’
represents built up areas. The value of ‘%’ is fixed
based on two parameters (k , k,), as in Equation 3

and 4. The final values of MNDBSI are evaluated

using the Equation 5.

SWIR1 — Blue

" SWIR1 + Blue
—(NIR + Red — Blue)

k =if (kq <ky, then 0 else 1)

MNDBSI* =

Red
ky =1 — —=
NIR
Red
, = — — 05
NIR

MNDBSI = if (MNDBSI* > pr) & (k = 1))
then abs |[MNDBSI* else MNDBSI*

(1

2)
)

4)
)
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where: k, k, and k, are parameters and p_ repre-
sents optimal threshold value. The values
of MNDBSI range from -1 to 1, while pos-
itive values represent bare soil and nega-
tive values represent non bare soil areas.

Performance assessment of MNDBSI

The performance assessment of the bare soil
map derived is conducted using reference data
developed using high resolution satellite images
from the Google Earth engine. The test samples
for bare soil, built up, water and vegetation are
chosen in such a way that the samples are well
distributed and include 2700, 1595, 928 and 907
points for bare soil, built up, water and vegeta-
tion, respectively. For the quantitative analysis
of the performance of MNDBSI, mapping accu-
racies, F1 score, Spectral Discrimination Index
(SDI) and Transformed Divergence (TD) are
evaluated. The mapping accuracy is assessed
using overall agreement (OA), allocation dis-
agreement (AD) and quantity disagreement
(QD) (Pontius Jr and Millones, 2011; Pickard et
al., 2017). SDI is used to quantify the degree of
discrimination between the histogram for target
(bare soil) and non-target area (non-bare soil) by
measuring the difference between mean of bare
soil and non-bare soil which is normalized by
the sum of their standard deviations (Kaufman
and Remer (1994). A good level of separability
between target and non-target areas is indicated
by SDI values greater than 1 (Pereira, 1999) and
the calculation of SDI values (Deng et al., 2015)
are based on Equation 6.

[11 — pa|
Sbh = ve (©)
where: u, and u, represent mean index values of
bare soil and non-bare soil area, and o,
and o, are corresponding standard devia-
tions of the index values of bare land/soil
and non-bare soil area, respectively.

TD is a widely used quantitative estimator to
evaluate the separability between classes (Tolpe-
kin et al., 2009) which takes values between 0 and
2 and the separability between classes increases
as TD values increases. Further, for the quanti-
tative analyses of the performance of MNDBSI,
frequency histogram and box charts of the index
values are examined. Subsequently, mapping ac-
curacies are also estimated to ascertain the effec-
tiveness of MNDBSI.
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RESULTS AND DISCUSSION

The quantitative and qualitative evaluations
of MNDBSI are conducted to evaluate the effec-
tiveness of delineation of bare soil areas.

Visual analyses of MNDBSI

The bare soil maps derived from Sentinel 2 im-
ages for the four indices are shown in Figure 4. The
visual difference in the results of soil maps indicate
that BSI and DBSI classified more areas as bare
soil compared to MNDBSI and NDBSI for all sites
(Fig. 4 (a3) to (e3)), except for Pichavaram, which
is a mangrove area with less interference from built
up features. The bare soil area delineated are more
for BSI and DBSI in Vembanad Lake with large
misclassifications of built up areas as bare soil (Fig.
4 (bl) to (el)). This clearly brings out the inability
of BSI and DBSI in the elimination of built up ar-
eas from bare soil areas in an urban area. From the
visual comparison of the images of Pichola lake
area (Fig. 4 (a2) to (e2)), it can be inferred that
misclassification of BSI and DBSI occurs only in
the built-up areas, while that of NDBSI includes
both built up areas and lake water. The major mis-
classification of NDBSI arises due to water areas
which are high density/sedimented water, such as
sea water, sediment laden river/lake water. This is
because the value of constraint factor in the for-
mulation of NDBSI becomes greater than zero for
non-bare soil area, which results in high positive
value for high density/stagnant waters along with
the positive values of bare soil. In the case of cul-
tural command areas (CCA) of Girna dam (Fig. 4
(a4) to (e4)), the performance of BSI, DBSI and
NDBSI is similar to that of Pichola lake. NDBSI
showed misclassifications of built up areas, in ad-
dition to that of water in dry semi-arid (Girna dam)
and dry arid desert (Pichola lake) climate. Howev-
er, the performance of NDBSI in suppressing built
up areas has been reasonably good and comparable
to MNDBSI in the case of Vembanad lake which
belongs to tropical climate.

Further a detailed comparison between the
MNDBSI and other three indices for subsetl of
test site (location shown in Figure 1) is given in
Figure 5. For subsetl site, which represents sandy
soils of beach area where built up area coexists
with vegetation, BSI and DBSI have misclassi-
fications of sandy soils in the beach as bare soil.
NDBSI has misclassifications of water area and
wet beaches as bare soil. This is mainly due to the
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Figure 4. Comparison of (a) false color composite and images of indices (b) MNDBSI
(c) BSI (d) DBSI and (e) NDBSI (classified bare soil is indicated as mustard or dark yellow
color and black color represents non bare soil area. The colored rectangular boxes highlight

the areas misclassified as bare soil. CCA represents culturable command area)

close resemblance of spectral reflectance between
high albedo (reflection) surfaces, such as sandy
beaches and built-up areas. However, MNDBSI
outperforms the other three indices in the elimina-
tion of built-up areas and sandy areas. The present
study is effective in achieving spectral separability
of bare soil and sandy/saline beach areas which has
not been studied much in previous studies.

Statistical comparison

The quantitative assessment of the perfor-
mance of indices is conducted using box and whis-
ker plot as shown in Figure 6. MNDBSI has high-
est values for bare soil followed by built up, water
and vegetation (Fig. 6a) respectively. Though there
is overlap between water, vegetation and built up
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Figure 5. Bare soil map from subset 1 of test site (a) true color of Sentinel 2 (b) false color
composite of Sentinel 2 image in Vembanad lake along the seaside with wide beaches
having prominent sandy soil derived using (c) MNDBSI (d) BSI (¢) DBSI (f) NDBSI.

The yellow color indicates bare soil area delineated by the corresponding indices
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areas for MNDBSI, the degree of separation be-
tween bare soil and built up area is sufficiently
large to enhance delineation of bare soil which
is the priority of the study. Although the overlap
between bare soil and built up areas for DBSI is
lesser than BSI (Fig. 6b and c¢) DBSI has greater
potential in suppressing built up areas than BSI.
However, BSI and DBSI showed good level of
separability between water and vegetation from
bare soil, which indicates that BSI and DBSI can
be effectively used in the delineation of bare soil in
wetlands and agricultural areas rather than in urban
areas. In contrast, NDBSI with a boarder range of
bare soil values (-0.4 to 0.4) which showed more
confusion in the elimination of water and vegeta-
tion along with built up areas (Fig. 6d), has limited
ability of mapping bare soil. The frequency histo-
gram analysis of MNDBSI clearly shows a good
level of separation between the distributions of
water bodies, built up and vegetation areas from
bare soil (Fig. 7a) which is also supported by high
values of SDI (> 1) in Table 2. Although the dis-
tribution of DBSI follows same pattern as that of
BSI (Fig. 7b and c), the distribution of built up ar-
eas is wider and shorter peaked compared to that
of BSI. The high degree of overlap between bare

soil area and water observed for NDBSI (Fig. 7
d), indicates the confusion between bare soil and
water and the need for masking of water areas prior
to the delineation of bare soil. Visually, MNDBSI
separates the types of land cover into two, while
the other three indices into four categories of land
cover. Further, the separability of bare soil from
other land covers evaluation by TD and SDI val-
ues indicates good level of separability of bare soil
from other land cover for MNDBSI with values of
2.0 and above for the test site (Table 2). The lower
values of SDI and TD for BSI, DBSI and NDBSI
specifically for the urban / built up areas can be of
major concern as the priority of these indices is to
delineate bare soil from other types of land cover.
A TD value greater than 1.0 is obtained for all vali-
dation sites and indices except for NDBSI (Table
3). However, the validation sites which have the
influence of water bodies such as Pichola Lake
and Girna dam, has SDI values lower than 1.0 for
NDBSI. In turn, Pichavaram region, with mini-
mal interference from built up features, has SDI
value greater than 1.0 for DBSI and NDBSI. The
statistical analysis reveals the better performance
of MNDBSI with SDI and TD values consistently
greater than 1.0 for all validation sites (Table 3).
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Figure 7. Frequency histogram of (a) MNDBSI, (b) BSI (c) DBSI and (d) NDBSI
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Table 2. Statistics of different types of land cover for test site

Metrics Land cover types
Bare Soil Urban Vegetation Water
MNDBSI
Minimum -0.04 -0.48 -0.28 -0.22
Maximum 0.18 -0.02 -0.14 -0.13
Mean 0.08 -0.17 -0.21 -0.17
Standard deviation 0.03 0.09 0.03 0.01
SDI 2.05 4.71 5.3
TD 2 2
Minimum -0.03 -0.05 -0.32 -0.06
Maximum 0.16 -0.21 0.01
Mean 0.09 0.05 -0.27 -0.01
Standard deviation 0.02 0.03 0.02 0.01
SDI 7.76 3.37
TD 0.73 2 2
Minimum -0.1 -0.12 -0.43 -0.17
Maximum 0.24 0.16 -0.33 -0.01
Mean 0.12 0.05 -0.38 -0.05
Standard deviation 0.04 0.05 0.02 0.01
SDI 0.82 8.45 3.44
TD 0.68 2 2
NDBSI
Minimum -0.4 -0.3 -0.38 0.58
Maximum 0.44 0.36 -0.27 0.64
Mean 0.38 0.18 -0.34 0.62
Standard deviation 0.1 0.17 0.02 0.01
SDI 0.77 5.84 -2.17
TD 0.61 2 0.04

Effect of seasonality on bare
soil area mapping

The separability metrics (Table 4) indicates that
the performance of MNDBSI is good (SDI > 1.0)
during all the months from November through
March, which includes post monsoon, winter and
start of the summer season. The best performance
of MNDBSI is in the month of March (summer
season) and lowest in November (post monsoon
season). The performance of NDBSI is poor (SDI
< 0.5) for all the four months. However, the per-
formance of BSI and DBSI is good (SDI > 1.0)
during March. The comparison of TD values
(Table 4) indicates that for the month of March,
BSI and DBSI have TD values greater than 1.0
for urban/built up areas. Moreover, TD values are
greater than 1.0 for vegetative areas and around
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water bodies for all the compared months and in-
dices except for NDBSI. However, NDBSI gave
low to negative values only in the areas around
water bodies. The TD values of MNDSI are con-
sistently above 1.0 for all the four months and
types of land cover. Hence, seasonality analysis
confirmed that MNDBSI has good level of ro-
bustness in the delineation of bare soil from other
types of land cover.

Accuracy assessment of the bare soil indices

The results of the accuracy assessment show
that the bare soil maps generated have an OA
of 97.7%, 86.1% and 85.7% for MNDBSI, BSI
and DBSI, respectively (Table 5) for the test site.
NDBSI exhibited consistently low values of OA
for all the four sites. This is majorly due to the
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Table 3. Separability metrics for the validation sites

Land cover types
Index Metrics
Urban Veg Water
Pichavaram
SDI 1.83 6.69 7.88
MNDBSI
TD 1.71 2 2
SDI 0.7 1.02 0.31
BSI
TD 0.65 1.01 0.2
SDI 1.42 6.17 7.98
DBSI
TD 1.33 2 2
SDI 1.2 2.04 -8
NDBSI
TD 1.01 1.47 0
Pichola lake
SDI 1.82 4.64 6.41
MNDBSI
D 1.68 1.98 1.99
SDI 1.68 11.71 9.13
BSI
TD 1.42 2 2
SDI 1.36 13.5 9.41
DBSI
TD 1.21 2 2
SDI 0.83 2.23 0.86
NDBSI
TD 0.67 1.89 0.7
Girna dam
SDI 1.47 3.04 7.21
MNDBSI
TD 1.38 2 2
SDI 1.13 6.32 4.33
BSI
TD 1.08 2 2
SDI 1.06 6.79 5.55
DBSI
TD 1.01 2 2
SDI 0.97 2.84 -2.55
NDBSI
TD 0.51 1.85 0.08

lower efficiency in masking water area rather than
the separation of bare soil from built up areas.
MNDBSI exhibited the effectiveness in mapping
of bare soil with over 95% overall agreement and
F1 score value above 0.93 for all sites. The map-
ping accuracy of NDBSI varies from 51.3% to
78.1% with F1 score from 0.41 to 0.72. Overall,
NDBSI exhibited limited skill in the mapping of
bare soil areas with water bodies. The mapping
accuracy of BSI ranges from 85.0% to 92.2%
while that of DBSI varies from 82.0% to 91.2%.
The results of accuracy assessment indicate that
the performance of BSI and DBSI are closely
matching. To confirm the similarity between indi-
ces, correlation coefficient is evaluated (Table 6).
The correlation between BSI and DBSI is found
to be 0.98. MNDBSI has the least correlation of
0.24 with NDBSI and highest correlation of 0.88
with BSI. The percentage of improvement of

MNDBSI over the other three indices in terms of
SDI and TD are also calculated. The results indi-
cated that MNDBSI improves SDI and TD values
by 8% to 166% and 15% to 97%, respectively,
over the other three indices. Hence, MNDBSI can
be used as an effective alternative for the existing
bare soil indices for precise soil mapping. How-
ever, the major limitation of this study is in the
analysis of monthly variability of bare soil area
which has been limited due to the non-availability
of cloud free images during rainy season.

CONCLUSIONS

The MNDBSI proposed in the present work
employs blue, red, NIR and SWIR1 bands of
Sentinel 2 to separate built up areas and other
types of land covers from bare soil areas under
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Table 4. Seasonal variability analysis of the indices

Month Index Metric Land cover types
Urban Veg Water
SDI 1.02 3.74 7.93
MNDBSI
TD 1.41 2 2
SDI -1.37 5.02 4.36
BSI
TD 0 2 2
November
SDI -1.44 4.72 3.9
DBSI
TD 0 2 2
SDI -1.17 4.05 -6.95
NDBSI
TD 0 1.9 0
SDI 1.74 6.71 7.13
MNDBSI
TD 1.65 2 2
SDI 0.09 7.46 9.44
BSI
D 0.01 2 2
December
SDI -0.09 7.03 9.07
DBSI
D 0 1.98 2
SDI 0.23 413 -2.5
NDBSI
TD 0.2 1.99 0
SDI 1.72 5.39 6.78
MNDBSI
TD 1.65 2 2
SDI 1.1 7.4 3.37
BSI
TD 0.95 2 1.88
January
SDI 0.85 6.78 3.21
DBSI
TD 0.95 2 1.85
SDI 0.12 0.99 -0.08
NDBSI
TD 0.23 0.5 0
SDI 247 7.02 8.15
MNDBSI
TD 2 2 2
SDI 1.27 5.59 6.84
BSI
TD 1.01 1.98 2
March
SDI 1.57 5.27 8.63
DBSI
TD 1.18 2 2
SDI -0.13 0.54 -1.42
NDBSI
TD 0 0.2 0

different climate conditions and environment. An
additional constraint using ratio of red and NIR
bands is incorporated in the MNDBSI to maxi-
mize the suppression of built up areas. The quali-
tative evaluation of the indices demonstrates the
better performance of MNDBSI, compared to the
other three indices in suppressing built up areas
along with vegetation and water. The quantitative
evaluation reveals that MNDBSI has overall best
performance across different sites considered in
this study. The overall agreement values of above
95% is obtained for MNDBSI across all study
areas. In addition, the improvement percentage
of MNDBSI over the other indices in terms of
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SDI and TD ranges from 8% to 166% and 15%
to 97%, respectively, across all study areas. This
study could effectively improve the precision in
the separation of built up from bare soil areas,
even without the incorporation of thermal bands
which may not be available for many commonly
available optical satellite imageries. The results
indicate that MNDBSI can be reliably used for
differentiating built up and bare land from other
land use classes in tropical, arid and semi-arid
climates. As the spatiotemporal representation of
bare soil surface indicates natural or human activ-
ities, along with many interdisciplinary applica-
tions related to soil resource mapping, MNDBSI
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Table 5. Summary of accuracy assessments of sites

Index Overall agreement Quantity disagreement | Allocation disagreement | F1 score
Vembanad lake
MNDBSI 97.7 0.8 1.5 0.97
BSI 86.1 2.9 1 0.83
DBSI 85.7 11.9 24 0.82
NDBSI 75.5 21.9 2.6 0.72
Pichola lake
MNDBSI 97.2 1.1 1.7 0.96
BSI 85 6.5 8.5 0.87
DBSI 82 16.8 1.2 0.85
NDBSI 65.3 22.2 12.5 0.63
Girna dam
MNDBSI 96.2 0.8 2.9 0.94
BSI 92.2 6.8 1.2 0.93
DBSI 91.2 74 14 0.9
NDBSI 78.1 20.7 1.2 0.71
Pichavaram
MNDBSI 95.2 34 1.4 0.93
BSI 90.2 8.7 1.5 0.88
DBSI 89.7 9.8 0.5 0.85
NDBSI 51.3 481 0.5 0.41
Table 6. Correlation matrix of the four indices
Index MNDBSI BSI NDBSI DBSI
MNDBSI 1 0.88 0.24 0.82
BSI 0.88 1 0.47 0.98
NDBSI 0.24 0.47 1 0.47
DBSI 0.82 0.98 0.47 1

can aid in the development of policies and assess-
ment of changes in land-use and soil manage-
ment. Hence, MNDBSI can be effectively used as
an indicator of urban development.
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